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PREFACE. 


During the last 25 years, statistical science has made great pro¬ 
gress, thanks to the brilliant schools of British and American statis¬ 
ticians, among whom the name of Professor B. A. Fisher should be 
mentioned in the foremost place. During the same time, largely owing 
to the work of French and Russian mathematicians, the classical 
calculus of probability has developed into a purely mathematical theory 
satisfying modern standards with respect to rigour. 

The purpose of the present work is to join these two lines of de¬ 
velopment in an exposition of the mathematical theory of modern 
statistical methods, in so far as these are based on the concept of 
probability. A full understanding of the theory of these methods 
requires a fairly advanced knowledge of pure mathematics. In this 
respect, I have tried to make the book self-contained from the point 
of view of a reader possessing a good working knowledge of the 
elements of the differential and integral calculus, algebra, and analytic 
geometry. 

In the first part of the book, which serves as a mathematical in¬ 
troduction, the requisite mathematics not assumed to be previously 
known to the reader are developed. Particular stress has been laid 
on the fundamental concepts of a distribution, and of the integration 
with respect to a distribution. As a preliminary to the introduction 
of these concepts, the theory of Lebesgue measure and integration 
has been briefly developed in Chapters 4—5, and the fundamental 
concepts are then introduced by straightforward generalization in 
Chapters 6—7. 

The second part of the book contains the general theory of random 
variables and probability distributions, while the third part is devoted 
to the theory of sampling distributions, statistical estimation, and 
tests of significance. The selection of the questions treated in the 
last part is necessarily somewhat arbitrary, but I have tried to con¬ 
centrate in the first hand on points of general importance. When 
these are fully mastered, the reader will be able to work out appli¬ 
cations to particular problems for himself. In order to keep the volume 
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of the book within reasonable limits, it has been necessary to exclude 
certain topics of great interest, which I had originally intended 
to treat, such as the theory of random processes, statistical time 
series and periodograms. 

The theory of the statistical tests is illustrated by numerical 
examples borrowed from various fields of application. Owing to con¬ 
siderations of space, it has been necessary to reduce the number of 
these examples rather severely. It has also been necessary to restrain 
from every discussion of questions concerning the practical arrange¬ 
ment of numerical calculations. 

It is not necessary to go through the first part completely before 
studying the rest of the book. A reader who is anxious to find him¬ 
self in medias res may content himself with making some slight 
acquaintance with the fundamental concepts referred to above. For 
this purpose, it will be advisable to read Chapters 1—3, and the 
paragraphs 4.1—4.2, 5.1—5.3, 6.1—6.2, 6.4—6.6, 7.1—7.2, 7.4—7.5 and 
8.1—8.4. The reader may then proceed to Chapter 13, and look up 
the references to the first part as they occur. 

The book is founded on my University lectures since about 1930, 
and has been written mainly during the years 1942—1944. Owing to 
war conditions, foreign scientidc literature was during these years 
only very incompletely and with considerable delay available in Swe¬ 
den, and this must serve as an excuse for the possible absence of 
quotations which would otherwise have been appropriate. 

The printing of the Scandinavian edition of the book has been 
made possible by grants from the Royal Swedish Academy of Science, 
and from Stiftelsen Lars Hiertas Minne. I express my gratitude to¬ 
wards these institutions. 

My thanks are also due to the Editors of the Princeton Mathema¬ 
tical Series for their kind offer to include the book in the Series, and 
for their permission to print a separate Scandinavian edition. 

I am further indebted to Professor R. A. Fisher and to Messrs 
Oliver and Boyd for permission to reprint tables of the t- and Z*- 
distributions from »Statistical methods for research workers*. 

A number of friends have rendered valuable help during the 
preparation of the book. Professors Harald Bohr and Ernst Jacobsthal, 
taking refuge in Sweden from the hardships of the times, have read 
parts of the work in manuscript and in proof, and have given stimulating 
criticism and advice. Professor Herman Wold has made a very careful 
scrutiny of the whole work in proof, and I have greatly profited 
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from his yalnabie remarks. Gosta Almqvist, Jan Jungf, Sven G. Lind- 
blom and Bertil Mat^rn have assisted in the numerical calculations, 
the revision of the manuscript, and the reading of the proofs. To all 
these I wish to express my sincere thanks. 

Department of Mathematical Statistics 
University of Stockholm 
May 1945 
H. C. 
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FIRST PART 

MATHEMATICAL INTRODUCTION 




Chapters 1-3. Sets op Points. 


CHAPTER 1. 

•General Properties of Sets. 

1.1. Sets. — In pure and applied mathematics, situations often 
occur where we have to consider the collection of all possible objects 
having certain specified properties. Any collection of objects defined 
in this way will be called a set, and each object belonging to such a 
set will be called an element of the set. 

The elements of a set may be objects of any kind: points, num¬ 
bers, functions, things, persons etc. Thus we may consider e. g. 1) the 
set of all positive integral numbers, 2) the set of all points on a 
given straight line, 3) the set of all rational functions of two variables, 
4) the set of all persons born in a given country and alive at the 
end of the year 1940. In the first part of this book we shall mainly 
deal with cases where the elements are points or numbers, but in this 
introductory chapter we shall give some considerations which apply 
to the general case when the elements may be of any kind. 

In the example 4) given above, our set contains a finite, though 
possibly unknown, number of elements, whereas in the three first 
examples we obviously have to do with sets where the number of 
elements is not finite. We thus have to distinguish between finite 
and infinite sets. 

An infinite set is called enumerable if its elements may be arranged 
in a sequence: . . ., Xn, . . such that a) every Xn is an element 

of the set, and b) every element of the set appears at a definite place 
in the sequence. By such an arrangement we establish a one-to-one 
correspondence between the elements of the given set and those of the 
set containing all positive integral numbers 1, 2, . . ., w, . . ., which 
forms the simplest example of an enumerable set. 

We shall see later that there exist also infinite sets which are 
non-enumerahle. If, from such a set, we choose any sequence of ele¬ 
ments x^, Xi, . . ., there will always be elements left in the set which 
do not appear in the sequence, so that a non-enumerable set may be 
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said to represent a hig^her order of infinity than an enumerable set. 
It will be shown later (cf 4. 3) that the set of all points on a given 
straight line affords an example of a non>enumerable set. 

1.2. Subsets, space. — If two sets S and are such that every 
element of also belongs to S, we shall call a subset of S, and 
write 

S,CS or S> S,. 

We shall sometimes express this also by saying that 5, is contained 
in S or belongs to S. — When consists of one single element x, 
we use the same notation x < S to express that x belongs to S. 

In the particular case when both the relations Si<. S and S C Si 
hold, the sets are called equal, and we write 

S=^Si. 

It is sometimes convenient to consider a set S which does not 
contain any element at all. This we call the empty set^ and write 
= 0. The empty set is a subset of any set. If we regard the empty 
set as a particular case of a finite set, it is seen that etery subset of a 
finite set is itself finite, while every subset of an enumerable set is finite 
or enumerable. Thus the set of all integers between 20 and 30 is a 
finite subset of the set 1, 2, 3, . . ., while the set of all odd integers 
1, 3, 5, . . . is an enumerable subset of the same set. 

In many investigations we shall be concerned with the properties 
and the mutual relations of various subsets of a given set S. The 
set S, which thus contains the totality of all elements that may 
appear in the investigation, will then be called the space of the in¬ 
vestigation. If, e.g., we consider various sets of points on a given 
straight line, we may choose as our space the set S of all points on 
the line. Any subset S of the space S will be called briefly a set in S. 

1.3. Operations on sets. — Suppose sow that a space S is given, 
and let us consider various sets in 5. We shall first define the opera¬ 
tions of addition, multiplication and subtraction for sets. 

The sum of two sets 5, and Sf, 

S' == s, + s„ 

is the set S* of all elements belonging to at least one of the sets 
and Sy — The product 
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is the common part of the sets, or the set 5" of all elements belonging 
to both and i9,. — Finally, the difference 

S” = 

will be defined only in the case when 5, is a subset of 5,, and is 
then the set S** of all elements belonging to but not to S^. 

Thus if Sx and 5, consist of all points inside the curves C, and 
C, respectively (cf Fig. 1), will be the set of all points inside 

at least one of the two curves, while will be the set of all points 
common to both domains. 



The product -S', S', is evidently a subset of both *S\ and 5,. The 
difference S'n — S', S',, where n may denote 1 or 2, is the set of all 
points of Sn which do not belong to S^ S,. 

In the particular case when Sj and S, have no common elements, 
the product is empty, so that we have S, S, == 0. On the other hand, 
if S, == S, the difference is empty, and we have S, — S, — 0. 

In the particular case when S, is a subset of S, we have S, + S, = S, 
and S, S, = S,. 

It follows from the symmetrical character of our definitions of the 
sum and the product that the operations of addition and multiplica> 
tion are commutative, i. e. that we have 

-f-S,=:5,-f 5, and 5, 

5 
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Farther, a moment i reflection will show that these operations are 
also associative and distributive, like the corresponding arithmetic 
operations. We thus have 

(S. + S,) + 5. = 5a + (S. + S.), 

Si (S| 4* *=» iSj 4* 8i 8^, 

It follows that we may without ambiguity talk of the sum or product 
of any finite number of sets: 

iS^t + Si 4* • * • 4* 5n and Sj S| • • * Sn^ 

where the order of terms and factors is arbitrary. 

We may even extend the definition of these two operations to an 
enumerable sequence of terms or factors. Thus, given a sequence 
S|, S|, . . . of sets in 5, we define the sum . 

00 

S» =* S| 4" Sj 4 • • * 

1 

as the set of all elements belonging to at least one of the sets 8^, 
while the product 

1 

is the set of all elements belonging to all Sr. — We then have, e. g., 
S (Si 4 S| 4 • • •) = SS| 4 SS| 4 • • •. 

Tbas if Si> denotes the set of all real nombers x sncb that — 7-7 ^ x ^ we 

V 4 1 V 

00 

find that will be the set of all x snch that 0 < x ^ 1 , while the product set 

1 

00 

will be empty, JJ Sv » 0. — On the other hand, if denotes the set of all x such 
1 

0» O) 

that 0 ^ X ^ , the sum ^ 5r will coincide with Sp while the product JJ Sv will 

1 1 

be a set containing one single element, tIs. the number x ~ 0 . 

For too operation of subtraction, an important particular case 
arises when Sj coincides with the whole space S. The difference 
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is the set of all elements of our space which do not belongs to and 
will be called the complementary set or simply the complement of S. We 
obviously have 5 + S* =« S, 55* = 0, and (5*)* = 5. 

It is important to observe that the complement of a given set 5 
is relative to the space 5 in which 5 is considered. If our space is 
the set of all points on a given straight line L, and if 5 is the set 
of all points situated on the positive side of an origin 0 on this line, 
the complement 5* will consist of 0 itself and all points on the 
negative side of 0. If, on the other hand, our space consists of all 
points in a certain plane P containing L, the complement 5* of the 
same set 5 will also include all points of P not belonging to L. — 
In all cases where there might be a risk of a mistake, we shall use 
the expression: 5* is the complement of 5 with respect to S. 

The operations of addition and multiplication may be brought into 
relation with one another by means of the concept of complementary 
sets. We have, in fact, for any Bnite or enumerable sequence 5,, 5^, . . . 
the relations 

,,31) (5, + s,+ •■)• = 

(s.s.--r = s: + <s:+--. 

The first relation expresses that the complementary set of a sum is the 
product of the complements of the tei'ms. This is a direct consequence 
of the definitions. As a matter of fact, the complement (5, + • )♦ is 
the set of all elements x of the space, of which it is not true that 
they occur in at least one 5^. This is, however, the same thing as 
the set of all elements x which are absent from every 5», or the set 
of all X which belong to every complement 5J, i. e. the product 
5* 5J •. The second relation is obtained from the first by substituting 
5t for 5». — For the operation of subtraction, we obtain by a similar 
argument the relation 
(1.3.2) 5, -5, = 5i5:. 

The reader will find that the understanding of relations such as 
(1.3.1) and (1.3.2) is materially simplified by the use of figures of the 
same type as Fig. 1. 

1.4. Sequences of sets. — When we use the word sequence without 
further specification, it will be understood that we mean a finite or 
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enumerable sequence. A sequence . . . will often be 

briefly culled the sequence {&}. 

When we are concerned with the sum of a sequence of sets 

S ^ •¥ 4- * * •, 

it is sometimes useful to be able to represent S as the sum of a 
sequence of sets such that no two have a common element 

This may be effected by the following transformation. Let us put 




Thus is the set of all elements of not contained in any of the 
preceding sets iSj, . . i. It is then easily seen that and Zv 
have no common element, as soon as fi^v. Suppose e. g. fi<v\ 
then Z^ is a subset of while Z« is a subset of so that 
Z^Z.=:0. 

Let us now put 5' — Zj + Z, 4- • • Since Z» C for all y, we 
have S' < S. On the other band, let x denote any element of S. By 
definition, x belongs to at least one of the Sv. Let Sn be the first set 
of the sequence . . . that contains x as an element. Then the 

definition of Zn shows that x belongs to Zn and consequently also to 
S'. Thus we have both S < S' and S' <. Sy so that S' = S and 

S ~ Z| 4" Zj 4 •' •. 

We shall use this transformation to show that the sum of a sequence 
of enumerable sets is itself enumerable. If S^ is enumerable, then Z, 
as a subset of S^ must be finite or enumerable. Let the elements of 

Zv be x^\yX^% . Then the elements of /S=ZiSv = 2Zv form the 

double sequence 


Xjl 

^11 

^J8 

a:,i 

^it 

a:,8 

ar,! 

^8t 

^88 
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and these may be anrangfed in a simple sequence e. g, by readingf alongr 
diagonals: x^iy x^gy x„y rr,|, .... It is readily seen that every 

element of S appears at a definite place in the sequence, and thus S 
is enumerable. 

1.5. Monotone sequences. — A sequence SiySgy . . . is never de- 
creaaingy if we have Sn C &!+1 for all n. If, on the contrary, we have 
Sn > Sn+i for all n, the sequence is never increasing. With a common 
name, both types of sequences are called monotone. 

For a never decreasing infinite sequence, we have 

5n — 2 


and this makes it natural to define the limit of such a sequence by 
writing 

oe 

lim 5n = 2 

Similarly, we have for a never inoreasing sequence 


5.—n 

I 

and accordingly we define in this case 

00 

lim Sn — TT 5'w. 

n-»« j 

Tbns if 8n denotes the set of all points (x, y, z) inside the sphere x* + y* + 

+ 1!* 1-, the sequence Sj, 5*, . - . will be never decreasing, and lim Sn will be 

ft 

the set of all points inside the sphere x* + y’ + z* ~ 1. On the other hand, if Sn denotes 

the set of all points inside the sphere x* + y* + — 1 + -, the sequence will be 

n 

never increasing, and lim Sn will consist of all points belonging to the inside or the 
surface of the sphere x* y* + r* = 1. 

It is possible to extend the definition of a limit also to certain types of sequences 
that are not monotone. We shall, however, have no occasion to use such an extension 
in this book. 
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1.6. Addltiye classes of sets. — Giyen a space 5, we may consider 
yarious classes of sets in S. We shall make an important use of the 
concept of an additive class of sets in 5. A class S of sets in S will 
be called additiye^), if it satisfies the following^ three conditions: 

a) The whole space S belongs to S. 

b) If eyerj set of the sequence • belongs to S, then the 

sum + iSt H- and the product 5,. . . both belong to S. 

c) If 8i and belong to S, and then the difference 

Si — 5, belongs to 6. 

If S is an additive class, we can thus perform the operations of 
addition, multiplication and subtraction any finite or enumerable 
number of times on members of S without ever encountering a set 
that is not a member of S. 

It may be remarked that the three above conditions are evidently 
not independent of one another. As a matter of fact, the relations 
(1.3.1) and (1.3.2) show that the following is an entirely equivalent 
form of the conditions; 

ai) The whole space 5 belongs to S. 

bj) If every set of the sequence ^i, 5,, . . . belongs to S, then the 
sum /Sj + 5| H- belongs to E. 

c,) If S belongs to E, then the complementary set 8* belongs to E. 

The name »additive class» is due to the important place which, in 
this form of the conditions, is occupied by the additivity condition bJ. 

The class of all possible subsets of 5 is an obvious example of 
an additive class. In the following chapter we shall, however, meet 
with a more interesting case. 


CHAPTER 2. 

Linear Point Sets. 

2.1, Intervals. — Let our space be the set H| of all points on a 
given straight line. Any set in Ri will be called a linear point set. 

') In this book, we shall always use the word »additiTe> in the same sense as in 
this paragraph, i. e. with reference to a finite or enumerable sequence of terms. It 
may be remarked that some aothors nse in this sense the expression »complctely 
additive», while »additiye» or ^simply additire* is need to denote a property essent¬ 
ially restricted to a finite number of terms. 
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If we choose on our line an orig^in 0, a unit of measurement and a 
positive direction, it is well known that we can establish a one-to-one 
correspondence between all real numbers and all points on the line. 
Thus we maj talk without distinction of a point x on the line or 
the real number x that corresponds to the point. We consider only 
points corresponding to finite numbers; thus infinity does not count 
as a point. 

A simple case of a linear point set is an interval. If a and h are 
any points such that we shall use the following expressions to 

denote the set of all x such that: 

a ^ X ^ bf . . . the closed interval (a, h)\ 
a < X <h, , , . the open interval (a, 6); 

a < X . the half-open intei'val (a, b), closed on the right; 

a ^ X < b^ , , , the half open interval (a, b\ closed on the left. 

When we talk simply of an interval (a, 6) without further specification 
in the context, it will be understood that anything that we say shall 
be true for all four kinds of intervals. 

In the limiting case when a ~ 5, we shall say that the interval is 

degenerate. In this case, the closed interval reduces to a set con¬ 

taining the single point x = a^ while each of the other three intervals 
is empty. 

If, in the above inequalities, we allow b to tend to + oo, we 
obtain the inequalities defining the closed and the open infinite inter¬ 
val (a, + Qo) respectively: 

x^ a and x> a. 

Similarly when a tends to — oo we obtain 
x :^b and X < b 

for the closed and the open infinite interval (—qo,2>). — Finally, the 
whole space may be considered as the infinite interval (— oo, go ). 

It mil be shown below (cf 4.3) that any non-degenerate interval is a 
non-enumerable set. 

The product of a finite or enumerable sequence of intervals is 
always an interval, but the sum of two intervals is generally not an 
interval. In order to give an example of a case when a sum of intervals 

11 



2.1-2 


is another interval, we consider n + 1 points a < < < Xn^\ < h. 

If all intervals appearing in the following relation are half open and 
closed on the same side, we obviously have 

(a, h) = (n, x^) -f (x^, x^) + ■ ■ + (xn-i, 6), 

and no two terms in the second member have a common point. The 
same relation holds if all intervals are closed, but in this case any 
two consecutive terms have precisely one common point. If all inter¬ 
vals are open, on the other hand, the relation is not true. 

2.2, Various properties of sets In — Consider a non-empty 
set S. When a point a exists such that, for any £ > 0, there is at least 
one point of S in the closed interval (a, a -f f), while there is none 
in the open interval (— oo, a), we shall call a the lower hound of S. 
When no finite a with this property exists, we shall say that the 
lower bound of 5 is — oo . In a similar way we define the upper hound 
^ of S. A set is bounded y when its lower and upper bounds are both 
finite. A bounded set 5 is a subset of the closed interval (cr, /?). The 
points a and ^ themselves may or may not belong to S. 

If € is any positive number, the open interval (rr —■ £, a: -f f) will 
be called a neighbourhood of the point x or, more precisely, the e-neigh- 
hourhood of x. 

A point z is called a limiting point of the set iS if every neigh¬ 
bourhood of z contains at least one point of S different from z. If 
this condition is satisfied, it is readily seen that every neighbourhood 
of z even contains an infinity of points of S. The point z itself may 
or may not belong to S. The Bolzano- Weierstrass theorem asserts that 
every hounded infinite set has at least one limiting point. We assume 
this to be already known. — If ^ is a limiting point, the set S 
always contains a sequence of points Xj, . . . such that 
as w -► CO. 

A point X of S is called an inner point of S if we can find e such 
that the whole ^-neighbourhood of x is contained in S. Obviously an 
inner point is always a limiting point. 

We shall now give some examples of the concepts introduced above. — In the 
first place, let i$ be a finite non-degenerate interval (a, h). Then a is the lower bound 
and h is the upper bound of S. Every point belonging to the closed interval (a, h) 
is a limiting point of S, while every point belonging to the open interval (o, b) is an 
inner point of S. 
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CoDtldcr DOW the set R of all rational points x ~ p/g belonging to the balf'Open 
interval 0 < x £ 1. If we write the sequence 


i. i. 

i. i> I. 

1. I i. 


and then discard all numbers piq such that p and q have a common factor, every 
point of R will occur at precisely one place in the sequence, and hence R is 
enumerable. There are no inner points of R. Every point of the closed interval 
(0,1) is a limiting point. — The complement R* of R with respect to the half-open 
interval 0 < a: ^ 1 is the set of all irrational points contained in that interval. R* 
is not an enumerable set, as in that case the interval (0,1) would be the sum of two 
enumerable sets and thus itself enumerable. Like R itself, R* has no inner points, 
and every point of the closed interval (0,1) is a limiting point. 

Since R is enumerable, it immediately follows that the set Rn of all rational 
points X belonging to the half-open interval n < a; ^ n -f 1 is, for every positive or 
negative integer n, an enumerable set. From a proposition proved in 1.4 it then 
follows that the set of all positive and negative rational numbers is enumerable. The 
latter set is, in fact, the sum of the sequence {i2n}, where n assumes all positive 
and negative integral values, and is thus by 1.4 an enumerable set. 


2.3. Borel sets. — Consider the class of all intervals in Hj — 
closed, open and half-open, degenerate and non degenerate, finite and 
infinite, including in particular the whole space A, itself. Obviously 
this is not an additive class of sets as defined in 1.6, since the sum 
of two intervals is generally not an interval. Let us try to build up 
an additive class by associating further sets to the intervals. 

As a first generalization we consider the class 3 of all point sets 
I such that I is the sum of a finite or enumerable sequence of intervals. 
If /j, J,, . . . are sets belonging to the class 3, the sum 7, 4- *f • 
is, by 1.4, also the sum of a finite or enumerable sequence of inter¬ 
vals, and thus belongs to 3- The same thing holds for any finite 
product on account of the extension of the distributive 

property indicated in 1.3. We shall, however, show by -examples that 
neither the infinite product J, . . . nor the difference — 7, neces¬ 
sarily belongs to 3- In fact, the set B considered in the preceding 
paragraph belongs to 3, since it is the sum of an enumerable sequence 
of degenerate intervals, each containing one single point pjq. The 
difference (0,1) — A, on the other hand, does not contain any non- 
degenerate interval, and if we try to represent it as a sum of degenerate 
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intervals, a non-enumerable set of such intervals will be required. 
Thus the difference does not belong to the class 3. Further, this 
difference set may also be represented as a product /i /•«. where 
In denotes the difference between the interval (0,1) and the set con¬ 
taining only the ??:th point of the set JR. Thus this product of sets 
in 3 does not itself belong to the class 3. 

Though we shall make in Ch. 4 an important use of the class 3, 
it is thus clear that for our present purpose this class is not sufficient. 
In order to build up an additive class, we must associate with 3 
further sets of a more general character. 

If we associate with 3 a 11 sums and products of sequences of sets 
in 3, and all differences between two sets in 3 such that the difference 
is defined — some of which sets are, of course, already included in 
3 — we obtain an extended class of sets. It can, however, be shown 
that not even this extended class will satisfy all the conditions for 
an additive class. We thus have to repeat the same process of asso¬ 
ciation over and over again, without ever coming to an end. Any 
particular set reached during this process has the property that it 
can be defined by starting from intervals and performing the opera¬ 
tions of addition, multiplication and subtraction a finite or enumerable 
number of times. The totality of all sets ever reached in this way is 
called the class Sj of Borel sets in JRj, and this is an additive class. As 
a matter of fact, every given Borel set can be formed as described 
by at most an enumerable number of steps, and any sum, product or 
difference formed with such sets will still be contained in the class 
of all sets obtainable in this way. 

Thus any sum, product or difference of Borel sets is itself a 
Borel set. In particular, the limit of a monotone sequence (cf 1.5) of 
Borel sets is always a Borel set. 

On the other hand, let be any additive class of sets in con¬ 
taining all intervals. It then follows directly from the definition of 
an additive class that (i must contain every set that can be obtained 
from intervals by any finite or enumerable repetition of the operations 
of addition, multiplication and subtraction. Thus C£ must contain the 
whole class of Borel sets, and we may say that the class is the 
smallest additive class of sets in’Ri that includes all intervals. 
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CHAPTER 3. 

Point Sets in n Dimensions. 

3.1. Intervals. — Just as we may establish a one-to-one corres¬ 
pondence between all real numbers x and all points on a straight line, 
it is well known that a similar correspondence may be established 
between all pairs of real numbers x^) and all points in a plane, or 
between all triplets of real numbers (x^, x^, x^) and all points in a 
three-dimensional space. 

Generalizing, we may regard any system of n real numbers 
(xi, Xg, . . ., Xn) as representing a point or vecto7^ x in an euclidean space 
Rn of n dimensions. The numbers x^, . . ., Xn are called the cowdinates 
of *. As in the one-dimensional case, we consider only points cor¬ 
responding to finite values of the coordinates. — The distance be^ 
tween two points 

* = (x„ . . Xn) and y = (y„ . . y») 

is the non-negative quantity 

1*—yl = VTx, —y,)* 4 ••• 4- (x„ — y„)*. 

The distance satisfies the triangular- inequality: 

I*—y|^|*-»| 4- |y —*1. 

Let 2 n numbers a^, . . ., an and 6„ . . ., 6n be given, such that 
Uv ^ fe* for y = 1, . . ., w. The set of all points x defined by a»^x* ^ 
for V = 1, . . ., w is called a closed n-dimensional inter'val. If all the signs 
^ are replaced by <, we obtain an open interval, and if both kinds 
of signs occur in the defining inequalities, we have a half-open inter¬ 
val. In the limiting case when a^ = K for at least one value of v, 
the interval is degenerate. When one or more of the a^ tend to — oo, 
or one or more of the K to -f oo, we obtain an infinite interval. As 
in 2.1, the whole space Rn may be considered as an extreme case of 
an infinite interval. 

It will be shown below (cf 4.3) that any non-degenerate interval 
is a non-enumerable set. The product of a finite or enumerable sequence 
of intervals is always an interval, but the sum of two intervals is 
generally not an interval. 
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3.2. Various properties of sets In Rn. — A set 5 in Rn is hounded, 
if all points of S are contained in a finite interral. 

If o = fln) is a given point, and « is a positive number, 

the set of all points * such that \x — a ] < £ is called a neighbourhood 
of o or, more precisely, the e neighhourhood of o. 

The definitions of the concepts of limiting point and inner point, 
and the remarks made in 2.2 in connection with these concepts for 
the case ts = 1, apply without modification to the general case here 
considered. 

We have seen in 2.2 that the set of all rational points in is enumerable. By 
means of 1.4 it then follows that the set of all points with rational coordinates in a 
plane is enumerable, and further by induction that the Bet of all points in Rn with 
rational coordinates is enumerable. 


3.3. Borel sets. — The class of all intervals in R„ is, like the 
corresponding class in R,, not an additive class of sets. In order to 
extend this class so as to form an additive class we proceed in the 
same way as in the case of intervals in Rj. 

Thus we consider first the class of all sets I that are sums of 
finite or enumerable sequences of intervals in Rn. If I^, . . . are 

sets belonging to this class, the sum /, + /* + • and the finite pro¬ 
duct J, i, . . . /n also belong to As in the case n = 1, the infinite 
product /j . and the difference — /, do not, however, always 
belong to 3n. 

We thus extend the class Sn by associating all sum's, products and 
differences formed by means of sets in 3n. Repeating the same as¬ 
sociation process over and over again, we find that any particular set 
reached in this way has the property that it can be defined by start¬ 
ing from intervals and performing the operations of addition, multi¬ 
plication and subtraction a finite or enumerable number of times. 
The totality of all sets ever reached in this way is called the class ®n 
of Borel sets in Rn, and this is an additive class. 

In the same way as in the case w = 1, we find that the class 8n 
is the smallest additive class of sets in Rn that includes all intervals. 

3.4. Linear sets. — When n > 3, the set of all points in Rn which 
satisfy a single equation F(x^, . . ., a:n) = 0 will be called a hypersurface. 
When jP is a linear function, the hypersurface becomes a hyperplane. 
The equation of a hyperplane may always be written in the form 

(iTi — mj -f- ' + an(Xn — ntn) = 0, 
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where m ~ (wi, . . m*,) is an arbitrary point of the hyperplane. — 

Let 

(3.4.1) Hi = aii(x^ — m,) + • • + arfn (xn — win) = 0, 

where t == 1, 2, . . ., p, be the equations of p hyperplanes passing 

through the same point m. The equations (3.4.1) will be called linearly 

independent, if there is no linear combination IcpHp with 

constant hi not all == 0, which reduces identically to zero. The cor¬ 
responding hyperplanes are then also said to be linearly independent. 

Suppose p <n, and consider the set L of all points in Rn common 

to the p linearly independent hyperplanes (3.4.1). If (3.4.1) is con¬ 
sidered as a system of linear equations with the unknowns . . .. Xn. 
the general solution (cf 11.8) is 

Xi == m< -f Cn ^1 4- • • • -f C|,n~p ^n-p, 

where the cn are constants depending on the coefficients an, while 
tn^p are arbitrary parameters. 

The coordinates of a point of the set L may thus be expressed 
as linear functions of w —p arbitrary parameters. Accordingly the 
set L will be called a linear set of n — p dimensions, and will usually 
be denoted by Ln-p- For p = 1, this is a hyperplane, while for p —w —2 
L forms an ordinary plane, and for p = w — 1 a straight line. — 

Conversely, if Ln-p is a linear set of t? — p dimensions, and if 

m = (wi, . . ., r»n) is an arbitrary point of Ln-p, then Ln-p may be 

represented as the common part (i. e. the product set) of p linearly 

independent hyperplanes passing through m. 

3.5. Subspace, product space. — Consider the space Rn of all 
points X — [xy, . . ., Xn). Let us select a group of ^ < n coordinates, 
say Xi, . . Xk, and put all the remaining w — k coordinates equal to 
zero: — = Xn == 0. We thus obtain a system of w — ^ linearly 

independent relations, which define a linear set L* of k dimensions. 
This will be called the it-dimensional subspace corresponding to the 
coordinates x,, . . x*.. The subspace corresponding to any other group 

of k coordinates is, of course, defined in a similar way. Thus in the 
case ti = 3, = 2, the two-dimensional subspace corresponding to Xj 

and X| is simply the (xj, X|)-plane. 

Let S denote a set in the ^-dimensional subspace of Xj, . . ., x*. 
The set of all points x in Rn such that (x,, . . ., x*, 0, . . ., 0) < 5 will 
be called a cylinder set with the base S, — In the case w = 3, A; == 2, 
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this is an ordinary three-dimensional cjlinder in the Xg, XgYnpBeef 
haying the set S in the (a?j,a:,)-plane as its base. 

Further, if and Sg are sets in the subspaces of Xi, . . .,Xk and 
Xk^u • Xn respectiyelj, the set of all points x in Rn such that 

(a?i, . . art, 0, .... 0) < and (0,-0, Xk+i, . . Xn) < Sg will be called 

a rectangle set with the sides and Sg, — In the case when it = 2, 
while Si and Sg are one-dimensional interyals, this is an ordinary 
rectangle in the (Xi, a;|)-plane. 

Finally, let Rm and Rn be spaces of m and n dimensions respectively. 
Consider the set of all pairs of points (x, y ) where x = (xi, . . a^m) 
is a point in while y ^ (vi, . . yn) is a point in An. This set 
will be called the product space of Rm and An. It is a space of m + 1 > 
dimensions, with all points (a^i, . . ., arm, yj, . . ., ^n) as its elements. — 
Thus for m = n = 1, we find that the (xj, a;,)-plane may be regarded 
as the product of the one-dimensional a;,- and a?|-space8. For m = 2 
and n ~ 1, we obtain the (xi, x^^space as the product of the 
(X|, Xt)'plane and the one-dimensional Xg-space, etc. The extension of 
the above definition to product spaces of more than two spaces is 
obvious. (Note that the product space introduced here is something 
quite different from the product set defined in l.B.) 

References to chapters 1—-S. — The theory of sets of points was founded 
by G. Cantor about 1880. It is of a fundamental importance for many branches of 
mathematics, such as the modern theory of integration and the theory of functions. 
Most treatises on these subjects contain chapters on sets of points. The reader may 
be referred e.g. to the books by Borel (Ref. 6) and de la Valine Poussin (Ref. 40). 
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Chapters 4-7. 

Theory of Measure and Integration in Ri . 


CHAPTER 4. 

The Lebesgue Measure of a Linear Point Set. 

4.1. Length of an interval. — The length of a finite interval (a, h) 
in JR| is the non-negative quantity h — a. Thus the length has the same 
value for a closed, an open and a half-open interval with the same 
end-points. For a degenerate interval, the length is zero. The length 
of an infinite interval we define as -f oo. 

Thus with every interval i = (a, h) we associate a definite non¬ 
negative length, which may be finite or infinite. We may express this 
by saying that the length L(i) is a non^negative function of the interval t, 
and writing 

L(i)^ h — a, or L(/) —+ oo, 

according as the interval i is finite or infinite. 

If an interval i is the sum (cf 2.1) of a finite number of intervals, 
no two of which have a common point: 

/ = «! + 1 , + • + in [ifi iv = 0 for fi ^ v), 

the length of the total interval i is obviously equal to the sum of the 
lengths of the parts: 

We now propose to show that this relation may he extended to an enumer¬ 
able sequence of parts. To a reader who studies the subject for the 
first time, this will no doubt seem trivial. A careful study of the fol¬ 
lowing proof may perhaps convince him that it is not. — In order 
to give a rigorous proof of our statement, we shall require the fol¬ 
lowing important proposition known as BaixVs lemma: 

We are given a finite closed interval (a, h) and a set Z of tnieirals 
such that every point of (a, 6) is an innet* point of at least one interval 
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belonging to Z. Then there is a subeet Z' of Z containing only a finite 
number of intervals^ such that every point of (a, h) is an tnner point of 
at least one interval belonging to Z\ 

Divide the interval (a, 6) into n parts of equal length. The lemma 
will be proved, if we can show that it ia possible so to choose n that 
each of the n parts — considered as a closed interval — is entirely 
contained in an interval belonging to Z. 

Suppose, in fact, that this is not possible, and denote by in the 
first of the n parts, starting from the end-point a, which is not en¬ 
tirely contained in an interval belonging to Z. The length of in ob¬ 
viously tends to zero as n tends to infinity. Let the middle point of 
in be denoted by Xn , and consider the sequence Xj, x,, . . .. Since this 
is a bounded infinite sequence, it has by the Bolzano-Weierstrass 
theorem (cf 2.2) certainly a limiting point x. Every neighbourhood of 
the point x then contains an interval in, which is not entirely con¬ 
tained in any interval belonging to Z. On the other hand, rr is a 
point of (a, 6) and is thus, by hypothesis, itself an inner point of some 
interval belonging to Z. This evidently implies a contradiction, and 
so the lemma is proved. 

It is evident that both the lemma and the above proof may be 
directly generalized to any number of dimensions. 

Let us now consider a sequence of intervals u = (av, h^) such that 
the sum of all is a finite interval i == (a, b), while no two of the /, 
have a common point: 

OD 

1 

We want to prove that the corresponding relation holds for the lengths: 
( 4 . 1 . 1 ) L[t)^2^[u). 

In the first place, the n intervals tj, . . ., i„ are a finite number of 

intervals contained in ?, so that we have 2 ^ (O = L (li) and hence, 
allowing n to tend to infinity, * 

J;L(,;)^L{ti. 

1 

it remains to prove the opposite inequality. This is the non trivial 
part of the proof. 
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Conaider the set Z which connsts of the following intervals : 1) the 
intervals t„ 2) the open intervals (a — *, « + s) and {b — e,h + e), 3) the 

open intervaU (a, - a. + and (b, + where v = 1, 

2, .. while « is positive and arbitrarily small. It is then evident that 
every point of the closed interval (a, h) is an inner point of at least 
one interval belonging to Z. According to Borel’s lemma we may thus 
entirely cover t by means of a finite number of intervals belonging 
to Zy and the sum of the lengths of these intervals will then certainly 
be greater than L (i) = h —a. The sum of all intervals belonging to Z 
will a fortiori be greater than L(i)y so that we have 

2L(iv) + 4£ + > L ( t ). 

\ 11 

Since e is arbitrary, it follows that 

1 

and (4.1.1) is proved. 

It is further easily proved that (4.1.1) holds also in the case when 
I is an infinite interval. In this case, we have X(i) = -f oo, and if 
is any finite interval contained in it follows from the latter part of 
the above proof that we have 

J;L(«.)SL(to). 

I 

Since i is infinite we may, however, choose /q such that L (i^,) is greater 
than any given quantity, and thus (4.1.1) holds in the sense that both 
members are infinite. 

We have thus proved thaty if an interval is divided into a finite or 
enumerable number of intervals without common pointSy the length of the 
total int&'val is equal to the sum of the lengths of the parts. This pro¬ 
perty will he expressed by saying that the length L[i) is an addiiim 
function of the interval i. 

4.2. Generalization. — The length of an interval is a measure of 
the extension of the interval. We have seen in the preceding para¬ 
graph that this measure has the fundamental properties of being non- 
negative and additive. The length of an interval i is a non-negative 
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and additive interval function L(i), The ralae of thii fnnotion may be 
finite or infinite. 

We now aek if it ii possible to define a measure with the same 
fundamental properties also for more complicated sets than intervals. 
With any set S belonging to soxne more or less general class, we thus 
want to associate a finite or infinite^) number L(S\ the meaeure of 
8, in such a way that the following three conditions are satisfied: 

a) L(8)^0, 

b) If ^ + • • •, where 5*^ 5* = 0 for then we have 

L(5)«L(5,) + L(S,)+ - •. 

c) In the particular case when 8 is an interval, L(8) is equal to 
the length of the interval. 

Thus we want to extend the definition of the interval function L (t), 
HO that we obtain a non-negative and additive set function L (5) which, 
in the particular case when 8 is an interval t, coincides with L(t). 

It might well be asked why this extension should be restricted to 
>8ome more or less general class of sets*, and why we should not at 
once try to define L[8) for every set 8. It can, however, be shown 
that this is not possible. We shall accordingly content ourselves to 
show that a set function L(S) with the required properties can he de¬ 
fined for a class of sets that includes the whole class ©i of Boi'cl sets. 
This set function L{S) is known as the Lehesgue measure of the set 8. 
We shall further show that the extension is unique or, more precisely^ 
that L (8) is the only set function which is defined for all Borel sets and 
satisfies the conditions a)*—c). 

4.3. The meaeure of a eum of intervals. — We shall first define 
a measure L{I) for the sets I belonging to the class 3 considered in 
2.3. Every set in 3 is the sum of a finite or enumerable sequence of 
intervals and, by the transformation used in 1.4, we can always take 
these intervals such that no two of them have a common point. (In 
fact, if the sets considered in 1.4 are intervals, every will be 
the sum of a finite number of intervals without common points.) 

Any set in 3 may thus be represented in the form 

(4.3.1) I ^iy^ + »i + • •• , 

*) For the set function L (5), nnd the more geneiml set fnnctiont considered in Ch. 6, 
we shall admit the existence of infinite values. For sets of points and for ordinary 
functions, on the other hand, we shall only deal with inSnity in the sense of a limit, 
but not as an independent point or value (cf 2.1 and S.l). 
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where the are intervals such that ifiu = 0 for ^ v. By the condi¬ 
tions b) and c) of 4.2, we must then define the measure L(I) by 
writing 

(4.3.2) L(I) = L(i,) + L(u)+ -, 

where as before L(u) denotes the length of the interval 1 ,.. 

The representation of I in the form (4.3.1) is, however, obviously 
not unique. Let 

(4.3.3) 7 = ^1 -f y, -f • •• 

be another representation of the same set 7, the y* being intervals 
such that = 0 for ia v. We must then show that (4.3.1) and 

(4.3.3) yield the same value of L (7), i. e. that 

(4.3.4) i:i(v)=iL(.?-.). 

/ 4=1 

This may be proved in the following way. For any interval we 
have, since ifi C 7, 

= ifi I = iff “ 2 

♦ v 

and thus, by the additive property of the length of an interval, 

L (t|u) = 2 ^ (v 7*)» 

V 

(4..3.5) 2 ^ (v) ~ 2 2 

In the same way we obtain 

(4.3.6) 2^W = 22^(«^)* 

V M 

Now the following three cases may occur: 1) The intervals are 
all finite, and the double series with non negative terms ^^(vi*) is 

convergent. 2) All the i^jv are finite, and the double series is divergent. 
3) At least one of the VJ* is an infinite interval. 

In case 1), the expressions in the second members of (4.3.5) and 
(4.3.6) are finite and equal, and thus (4.3.4) holds. In cases 2) and 3) 
the same expressions are both infinite. Thus in any case (4.3.4) is 
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proved, and it follows that the definition (4.3.2) yields a uniquely de¬ 
termined — finite or infinite — value of L(I). 

It is obvious that the measure L(I) thus defined satisfies the condi¬ 
tions a) and c) of 4.2. It remains to show that condition b) is also 
satisfied. 

Let be a sequence of sets in % such that = 0 for 

p V, and let 

//* = 2 V* 

be a representation of in the form used above. Then 

f* * 

is also a set in 3, and no two of the have a common point. If 
t\ ... is an arrangement of the double series ^ in a simple se- 

quence (e. g. by diagonals as in 1.4), we have 

I ^ t -{• • •', 

L(/)==L(0 + L(n + *'*- 

A discussion of possible cases similar to the one given above then 
shows that we always have 

J^U) = 22^(*-) = 2^W- 

ft 9 fl 

We have thus proved that (4.3.2) defines for all sets I belonging to 
Uw class 3 (I unique measure L(I) satisfying the conditions a) — o) of 4.2. 

We shall now deduce some properties of the measure L(/). In 
the first place, we consider a sequence of sets in 3, without 

assuming that and have no common points. For the sum 
/ — /i -f /j + • •, we obtain as above the representation / = t" -f t'' + • • •, 
but the intervals i\ i \ .. . may now have common points. By the 
transformation used in 1.4 it is then easily seen that we always have 

L(/)<L( 0 +L(n+ -. 

which gives 

(4.3.7) L(I, -K /,+ •••)^L(/J + L(/,)+ 

(In the particular case when 7^ = 0 for /i 5 ^ v, we have already seen 

that the sign of equality holds in this relation.) 
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We further observe that any enumerable set of points x,, x,, ... 
is a set in 3, iince each Xn may be regrarded as a degenerate interval, 
the length of which reduces to zero. It then follows from the de¬ 
finition (4.3.2) that the measure of an enumef ahle set is always equal (o 
eero. — Hence we obtain a simple proof of a property mentioned 
above (1.1 and 2.1) withoat proof: the set of all points belonging to a 
non degenerate interval is a non enumerable set. In fact, the measure of 
this set is equal to the length of the interval, which is a positive 
quantity, while any enumerable set is of measure zero. A fortiori, 
the same property holds for a non-degenerate interval in Rn with 
n > 1 (cf 3.1). 

Finally, we shall prove the following theorem that will be required 
in the sequel for the extension of the definition of measure to more 
general classes of sets: If I and J are sets in 3 that are both of finite 
measure, we have 

(4.3.8) L(/+ J) = L(/) + L(J)-L(1J). 

Consider first the case when I and J both are sums of a finite 
number of intervals. From the relations 

we obtain, since all sets belong to 3, and the two terms in each sec¬ 
ond member have no common point, 

L(/-f J) = L(Z) + L(J-IJ), 

L{J)==L{IJ) -f L[J-IJ), 

and then by subtraction we obtain (4.3.8). 

In the general case, when I and J are sums of finite or enumerable 
sequences of intervals, we cannot argue in this simple way, as we are 
not sure that J — IJ is a set in 3 (cf 2.3) and, if this is not the case, 
the measure L(J—IJ) has not yet been defined. Let 

00 eo 

j=2v. 

be representations of I and J of the form (4.3.1), and put 
In = 2 V’ 2'^*" 

us] vsl 
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According to the above, we then have 

Li (In + Jn) = L(In) + L(J») />(/« »/«)• 

Allowing now n to tend to infinity, each term of the last relation 
tends to the corresponding term of (4.3.8), and thus this relation is 
proved. 


4.4. Outer and inner measure of a bounded set. — In the pre¬ 
ceding paragraph, we have defined a measure L(I) for all sets I be¬ 
longing to the class 3. In order to extend the definition to a more 
general class of sets, we shall now introduce two auxiliary functions, 
the iymer and outer measure, that will be defined for every hounded 
set in 

Throughout this paragraph, we shall only consider hounded sets. 
We choose a fixed finite interval (^/, h) as our space and consider only 
points and sets belonging to (a, h). When speaking about the com¬ 
plement S* of a set S, we shall accordingly always mean the com¬ 
plement with respect to (a, h). (Cf 1.3.) 

In order to define the new functions, we consider a set I belonging 
to the class 3, such that <S’ C 7 C (a, h). Thus we oiclose the set S in 
a sum I of intervals, which in its turn is a subset of (a, h). This can 
always be done, since we may e. g. choose / — («, h). The enclosing 
set / has a measure L(I) defined in the preceding paragraph. Consider 
the set formed by the numbers L(I) corresponding to all possible en¬ 
closing sets 1, Obviously this set has a finite lower bound, since we 
have L (I) ^ 0. 

The outer measure L[S) of the set S trill he defined as the lotvei' 
hound of the set of all these numhei's L(I). The inner measure //(^S) of 
S will he defined by the relation Ij(S) — h-a ~~ L{S*), 

Since every set S considered here is a subset of the interval (a, h), 
which is itself a set in 5i we obviously have 

0 ^ X (5) ^ h~-a, 0 < L (S) ^ h-a. 

Directly from the definitions we further find that L(S) and L(S) are 
both monotone functions of S, i. e. that we have 

(4.4.1) />(«.)£ Z(5.), /.(SJSZ.CS*). 

as soon as Si < S^. In fact, for any I such that < /, we then also 
have Si < /, and hence the first inequality follows immediately. The 
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second inequality is obtained from the first by considering^ the com* 
piementary sets. 

Further, if S < and S* c: every point of (a, 6) belongs to at 

least one of the sets and Since Jj and are both contained 
in (a, 6), we then have + J, = (a, h) and thus by (4.3.7) 

Liu) ^h-a. 

Choosing the enclosing sets and in all possible ways, we find 
that the corresponding inequality must hold for the lower bounds of 
jL(/,) and so that we may write 

L[S] + L(S*)'^h-a 

or 

(4.4.2) L[S)^L(S), 

Let jSj, /S^g, . . . be a given sequence of sets with or without common 
points. According to the definition of outer measure, we can for every 
n find In such that Sn < In and 

L(Tn) < L(Sn) + 

where e is arbitrarily small. We then have -f aS, + • < -f /g -h , 

and from (4.3.7) we obtain 

L(S,^ + I,T ■) 

^ L(/,) + L(/g) H— 

< L (Si) + L (aS’,) + • • • -h £ (j + J. 4- • ■ •). 

Since s is arbitrary, it follows that 

(4.4.3) X (Si -f Sf -f •'') ^ X (/{?|) 4- X (A^g) 4- • • • . 

In order to deduce a corresponding inequality for the inner measure 
X(5'), we consider two sets aS, and without common points. Let the 
complementary sets SI and S* be enclosed in X and /g respectively. 
Abbreviating the words slower bound of» by »1. b.», we then have 

h-a-L (Si) = X (67) = 1. b. X (X), 

^*'*'*' h-a - L is,) = L (SJ) = 1. b. L (/,), 

where the enclosing sets X A have to be chosen in all possible 
w’ays. Further, we have by (1.3.1) 
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but here we can only infer that 

(4.4.5) h-^a-L [S, + 5.) = Z [(S^ -f -S,)*] 1. b. L (/, /,), 

since there may be other enclosing /-sets for (-Si + St)* besides those 
of the form Z/f From (4.4.4) and (4.4.5) we deduce, using (4.3.8), 

l(s, + S.) - Z(Si) - L(St) ^ 1. b. [L(/.) -f L(It)] - 1. b. Z(/i /,) - (ft-n) 

^ 1. b. (L(/i) 4- Z(/t) - L (/i/,)l - (l^a) 

= 1. b. L(/i + /,)-(«^a).. 

Since Sj and St have no common point we have, however, Sj St == 0 
and J, + /t > S? 4- SJ = (Si St)* = (a, b). On the other hand, 7, and 
It are both contained in (a, 5), so that 7, 4- /| < (a, h). Thus 7^ 4- 7t = 
(a, fc), and 

L(Si^ St)^L(S,)^ L(St). 

Let now Si, St, . . . be a sequence of sets, no two of which have a 
common point. By a repeated use of the last inequality, we then obtain 

(4.4.6) Z (Si + St + • • •) ^ Z (Si) + Z (5t) + • •. 

In the particular case when S is an interval, it is easily seen from 
the definitions that Z(S) and L(S) are both equal to the length of 
the interval. If 7 = is a set in 3, where the u are intervals with¬ 
out common points, we then obtain from (4.4.3) and (4.4.6) 

Z(7)^2L(e;), l(I)^IL(u), 

and thus by (4.4.2) and (4.3.2) 

(4.4.7) X(7)-Z(7)=Z(/). 

Finally, we observe that the out^ and inner measures are inde¬ 
pendent of the interval (a, 6) in which we have assumed all our sets to 
be contained. By 2.2, a bounded set S is always contained in the 
closed interval (a, /?), where a and p are the lower and upper bounds 
of S. If (fl, h) is any other interval containing S, we must have a ^ or 
and 6 ^ A simple consideration will then show that the two inter¬ 
vals (fl, b) and (a, will yield the same values of the outer and inner 
measures of S. Thus the quantities L(S) and Z(‘5) depend only on 
the set 5 itself, and not on the interval (a, b). 
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4.5. Measurable sets and Lebesgue measure. — A hounded set S 
will be called ^neasurahle, if its outer and inner measures are equal. 
Their common value will then be denoted by L(S) and called the 
Lehesgue measure or simply the measure of S: 

L(S)^l(S) = L(S). 

An unbounded set S will be called measurable if the product tx S, 
where tx denotes the closed interval (—x, a:), is measurable for every 
j: > 0. The measure L(S) will then be defined by the relation 

L ( 6 ^) — lim L (ix S), 

x-* 00 

By (4.4.1), L(ixS) is a never decreasing^ function of x. Thus the limit, 
which may be finite or infinite, always exists. 

In the particular case when S fs a set in 3, the new definition of 
measure is consistent with the previous definition (4.3.2). For a bounded 
set /, this follows immediately from (4.4.7). For an unbounded set /, 
we obtain the same result by considering the bounded set iy, I and 
allowing x to tend to infinity. 

According to (4.4.1), L[S) and L(S) are both monotone functions 
of the set S. It then follows from the above definition that the same 
holds for L[S). For any two measurable sets Si and such that 
5i < S% we thus have 

(4.5.1) L{Si)^L[S^y 

We shall now show that the measure L(S) satisfies the conditions 
u)-c) of 4.2. — With respect to the conditions a) and c), this follows 
directly from the above, so that it only remains to prove that the 
condition b) is satisfied. This is the content of the following theorem. 

If Si, 6 * 2 , .. . are measurable sets, m two of which have a common 
point, then the sum + ^2 -f is also measurable, and we hare 

(4.5.2) L(Si + S^ -f ...) = L(.Si) + L(S2) + ••. 

Consider first the case when Si, S^, ... are all contained in a finite 
interval (a, 6 ). The relations (4.4.3) and (4.4.6) then give, since all the 
Sn are measurable, 

L (Si -1- ^2 + • • •) ^ i (Si) + L (-^ 2 ) 4- • • • — L (Si) + L (S 2 ) 4 • •, 

X /(Si 4“ S 2 + ' • •) ^ L(Si) 4- [j(S 2 ) 4- • • • = L (5i) 4- L(S^ 4- • • . 

By (4.4.2) we have, however, 4- ^2 4- ) ^ i(-5i 4- 1 S 2 4- ■ ), and thus 
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li + 5^2 + •••) = X/ -f Sf + •*•) = X (Si) + L (S%) *f • ■ •, 

so that in this case our assertion is true. 

In the general case, we consider the products ix Si, iz all of 

which are contained in the finite interval The above argument then 
shows that the product tx (8% S 2 + ■ ■) is measurable for any x, and that 

L [ix (Si + S 2 + ••)] = L (lx Si) + L [iz Sf) + • *'. 

Then, by definition. Si 4- S 2 H- is measurable and we have, since 

every term of the last series is a never decreasing function of x, 

L (Si 4- S 2 + • • •) = lini [Zf (ix Si) 4- JL [ix S 2 ) 4- • * * ] 

JT— 

= i.(Si) + L(S2) -H - -. 

Thus (4.5.2) is proved, and the Lebesgue measure L(S) satisfies all 
three conditions of 4.2. 

A set S such that L (S) == 0 is called a set of measure zero. If the 
outer measure L (S) = 0, it follows from the definition of measure t}iat 
S is of measure zero. We have seen in 4.3 that, in particular, any 
enumerable set has this property. — The following two propositions 
are easily found from the above. Any subset of a set of measure zero 
is itself of measure zero. The sum of a sequence of sets of measure zero 
is itself of measure zero. — These propositions are in fact direct con¬ 
sequences of the relations (4.4.1) and (4.4.3) for the outer measure. 

4.6. The class of measurable sets. — Let us consider the class 

of all measurable sets in Ai. We are going to show that S is an 
additive class of sets (cf 1.6). Since we have seen in the preceding 
paragraph that £ contains all intervals, it then follows from 2.3 that 

contains the whole class 99^ of all Borel sets, so that all Bard sets 
are measurable. 

We shall, in fact, prove that the class S satisfies the conditions 
Hx), &x) and Cx) of 1.6. With respect to ax)» this is obvious, so that we 
need only consider b^ and Ci). 

Let us first take Ci). It is required to show that the complement 
of a measurable set S is itself measurable. Consider first the case of a 
bounded set S and its complement S* with respect to some finite 
interval (a, 5) containing S, By the definition of inner measure (4.4) 
we then have, since S is measurable, 

L[S^) = 6-a -1(5) = h-a -1(8)=^ 1(8 ^), 
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80 that S* is measurable, and has the measure h-a — L(S), — In the 
general case when S is measurable but not necessarily bounded, the 
same argument shows that the product I'xS*, where S* is now the 
complement with respect to the whole space Hj, is measurable tor 
any a; > 0. Then, by deRnition, S* is measurable. 

Consider now the condition bi). We have to show that the sum 
Si + S% ‘ of any measurable sets Si^ . . . is itself measurable. — 
In the particular case when Sft Sv ~ 0 for /i ^ v, this has already been 
proved in connection with (4.5.2), but it still remains to prove the 
general case. 

It is sufficient to consider the case when all Sn are contained in 
a finite interval («, b). In fact, if our assertion has been proved for 
this case, we consider the sets ixSi, and find that their sum 

ix(Si + S 2 is measurable for any a: > 0. Then, by definition. 
Si + S 2 + is measurable. 

We thus have to prove that, if the measurable sets iSj, -^ 2 , . • . are 
all contained in (a, b), the sum Si +52+ is measurable. 

We shall first prove this for the ]>articular case of only two sets 
Si and S 2 . Let n denote any of the indices 1 and 2, and let the 
complementary sets be taken with respect to (a, h). Since S„ and 5,! 
are both measurable, we can find two sets /„ and Jn in 3 such that 

(4.6.1) Sn < /n < («, b), Sn < Jn C (a, b), 

while the differences L(In) — L(Sn) and L(Jn) — L(5J) are both smaller 
than any given e > 0. Now by (4.6.1) any point of (a, 6) must belong 
to at least one of the sets In and Jn, so that we have7» + J„ = (Uyb), 
and thus by (4.3.8) 

L (In Jn) - L (/„) + L (Jn) ^ (b^a) 

(4.6.2) - L (In) + L(Jn) - L(Sn) ~ L(s:) <2e. 

It further follows from (4.6.1) that 

Si + S2 + li, 

(Si + s2)*=-srsi<zj,j2y 

and hence 

jL(Si + 52 ) ^ b—a Ij(JiJ>^. 

By the same argument as before, we find that A + /2 “<■ J\J 2 “ (<*» ^)- 
The relations (4.6.3) then give, using once more (4.3.8), 
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+ 5j) —+ Sf) ^ 

Now 

(A *= h^i^t h^x~^ A«^f» 

so that we obtain by means of (4.5.1), (4.3.7) and (4.6.2) 

Z(5i + S,)- i(5i ^ 5t) ^ L(/i Ji) + L(/, J,) < 4€. 

Since £ is arbitrary, and since the outer measure is always at least 
equal to the inner measure, it then follows that L(Si + S^) == X/(^i + 
so that Si S'] is measurable. 

It immediately follows that any sum -f- + 5n of a finite number 

of measurable sets, all contained in (a, 2>), is measurable. The relation 
5i ^2 .. . — (5f 4 * ■ Si)* then shows that the same property holds 

for a product. 

Consider finally the case of an infinite sum. By the transforma¬ 
tion used in 1.4, we have 5 = + /S2 -f — 4- Z2 -f , where 
Zy=^ Sv ... Sl^\ Sy, and Zv = 0 for fi 7 ^ y. Since S*, ..., Si^i and 
Sy are all measurable, the finite product Zy is measurable. Finally, by 
(4.5.2), the sum Zi 4 - Za 4 - • • • is measurable. 

We have thus completed the proof that the measurable sets form an 
additive class 2. It follows that any sum, product or difference of a 
finite or enumerable number of measurable sets is itself measurable. In 
particular, all Borel sets are measurable. 

4.7. Measurable sets and Borel sets. — The class 2 of measurable 
sets is, in fact, more g^eneral than the class iBi of Borel sets. As an 
illustration of the difference in generality between the two classes, 
we mention without proof the following proposition: Any measurable 
set is the sum of a Borel set and a set of measure zero. All sets oc¬ 
curring in ordinary applications of mathematical analysis are, how¬ 
ever, Borel sets, and we shall accordingly in general restrict ourselves 
to the consideration of the class ^Bi, and the corresponding class !0n 
in spaces of n dimensions. 

We shall now prove the statement made in 4.2 that the Lebesgue 
measure is the only set function defined /w all Borel sets and satisfying 
the conditions a) -c) of 4.2. 

Let, in fact, A (5) be any set function satisfying all the conditions 
just stated. For any set I in 3, we must obviously have A[I) = L(/), 
since our definition (4.3.2) of L(I) was directly imposed by the condi¬ 
tions b) and c) of 4.2. Let now S be a bounded Borel set, and en- 
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close S in a sum / of intervals. From the conditions a) and b) it then 
follows that we have A(S)^ yl(I) L[I). The lower bound ofL(/) 
for all enclosing I is equal to L(SX and so we have A(S)^ L(S). 
Aeplacing S by its complement S* with respect to some finite interval, 
we have ^ Zr(iS*), and hence A(S) ^ L(S). Thus A(S) and 

L(S) are identical for all bounded Borel sets. This identity holds even 
for unbounded sets, since any unbounded Borel set may obviously be 
represented as the sum of a sequence of bounded Borel sets. 

We shall finally prove a theorem concerning the measure of the 
limit (cf 1.5) of a monotone sequence of Borel sets. By 2.3, we know 
that any such limit is always a Borel set. 

For a non decreasing sequence Si, Sft, . of Borel sets we have 

(4.7.1) limL{5'„) = L(lim Sn). 

For a non-increasing sequence, the same relation holds provided that L{Si) 
is finite. 

For a non-decreasing sequence we may in fact write 
lim Sfi ~ aS\ *f — iSi) -+• — S^) ■ . 

and then obtain by (4.5.2) 

L (lim Sn) — L (^i) 4- L {S 2 — <J>i) 4" * * 

== lim [L (Si) 4* L (S 2 - Si) + • • • 4- 7. (6;, - S„.^\ 

== lim L (5n). 

For a non-increasing sequence such that 7^(/^>^i) is finite, the same rela¬ 
tion is proved by considering the complementary sets Sn with respect 
to Si, — The example Sn = (n, 4- oc) shows that the condition that 
7>(<S,) should be finite cannot be omitted. 


CHAPTER 5. 

The Lebesgue Integral for Functions of One Variable. 

5.1. The Integral of a bounded function over a set of finite measure. 

— All point sets considered in the rest of this hook are Borel sets, un¬ 
less exjrressly stated otherurise.^) Generally this tvill not he explicitly men¬ 
tioned, and should then always he tacitly understood. 

*) In order to give a full account of the theory of the Lebesgue integral, it would 
be necessary to consider measurable sets, and not only Borel sets. As stated in 4.7 
the restriction to Borel sets is, however, amply sufficient for our purposes. 
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Let S he s, giyen set of finite measure L(S), and g(x) a function of 
the real yariable x defined for all ralues of x belonging to S, We 
shall suppose that g(x) is hounded in S, i. e. that the lower and upper 
bounds of g{x) in S are finite. We denote these bounds by m and itf 
respectively, and thus have Tn^g(x)^M for all x belonging to S, 
Let us divide S into a finite number of parts Siy S 2 ^ ..Sny no two 
of which have a common point, so that we have 

+ aS* + • • -f Sny (Sf, 5, = 0 for iu y). 

In the set aSV, the function g(x) has a lower bound my and an upper 
bound My , such that m ^ ^ My ^ M. 

We now define the lower and upper Darhoux sums associated with 
this division of S by the relations 

n n 

1 1 

It is then obvious that we have 

mL[S)i^z^Z^ML{S), 

It is also directly seen that any division of S superposed on the above 
division, i. e. any division obtained by subdivision of some of the parts 
X, will give a lower sum at least equal to the lower sum of the 
original division, and an upper sum at most equal to the upper sum 
of the original division. 

Any division of S in an arbitrary finite number of parts without 
common points yields, according to (5.1.1), a lower sum z and an 
upper sum Z, Consider the set of all possible lower sums Zy and the 
set of all possible upper sums Z, We shall call these briefly the ^-set 
and the Z-set. Both sets are bounded, since all z and Z are situated 
between the points mL(S) and ML(S). We shall now show that the 
upper hound of the z set is at most equal to the lower hound of the Z set. 
Thus the two sets have at most one common point, and apart from 
this point, the entire /-set is situated to the left of the entire Z-net. 

In order to prove this statement, let z' be an arbitrary lower sum, 
corresponding to the division aV = ^ + • + S'n’y while Z" is an ar- 

bitrary upper sum, corresponding to the division 6" = aST 4 -}- 

It is then clearly sufficient to prove that we have z' ^ Z'\ This fol- 
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lows, however, immediately if we consider the division -S' ^ 2 

/--M 

which is superposed on both the previous divisions. If the corres- 
pondinir Darboux sums are and we have by the above remark 
-S'" ^ -S'o ^ ^ ^ our assertion is proved. 

The upper bound of the ^-set will be called the lower integral of 
g(x) over S, while the lower bound of the Z set will be called the 
upper integral of ^(.r) over S. We write 

I g[x) (tX ^ upper bound of j set, 

(5.1.2) 

j g (j:) ilx =- lower bound of Z-set. 

.s 

It then follows from the above that we have 

(5.1.3) rn L [S) ^ j g (r) dx ^ J g (jj dx S 3/ h [S]. 

s s 

If the lower and upper integrals are equal (i. e. if the upper bound 
of the ^-'Set is equal to the lower bound of the Z set), g (,/*) is said to 
be integrable in the Lehesgue sense over S. or briefly integrable over S 
The common value of the two integrals is then called the Lebesgue 
integral of g[x) ovei' S, and we write 

j g (•^) dx = I g (j") ilX -- I g (i) dx. 

.S .V .s 

A necessary and sufficient condition for th(‘ integrability of g\x) 
over .S’ is that, to every e > 0, we can find a division of .S such that 
the corresponding difference Z — 2 ' is smaller than i. In faot, if thi.s 
condition is satisfied, it follows from our definitions of the lower and 
upper integrals that the difference between these is smaller than 
and since e is arbitrary, the two integrals must be e(|ual. (’onverselv. 
if it is known that g(x) is integrable, it immediately follows that 
there must be one lower sum / and one uj)per sum Z ', such that 
Z" —£’'<£. The division superposed on both the corresponding divi 
sions in the manner considered above will then give a lower sum 
and an upper sum Zq such that Z^y — ^^< f. 

It will he seen that all this is pejfectlg analogous to the ordiriarg text 
hook definition of the lUeviann integral. In that case, the set N is an 
interval which is divided into a finite number of sub intervals .S’,, and 
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the Darboux sums z and Z are then formed according to (5.1.1), where 
now L(5v) denotes the lengih of the v:th sub interval The only 
difference is that, in the pre.sent case, we consider a more general 
class of sets than intervals, since aS and the parts aS\. may be any 
Borel sets. At the .same time, we have replaced the length of the 
interval by its natural generalization, the measure of the set 6\. 

In the particular case when S is a finite interval [a, 6), any division 
of (a, h) in sub intervals considered in the course of the definition of 
the Riemann integral is a special case of the divisions in Borel sets 
occurring in the definition of the Lebesgue integral. In the latter case, 
however, we consider also divisions of the interval (n, h) in parts which 
are Borel sets other than intervals. These more general divisions may 
possibly increase the value of the upper bound of the -e-set, and re¬ 
duce the value of the lower bound of the Z-set. Thus we see that 
the lower and upper integrals defined by (5.1.2) are situated between 
the corresponding Riemann integrals. If g (x) is integrable in the Rie¬ 
mann sense, the latter are equal, and thus a fortiori the two integrals 
(5.1.2) are equal, so that g {x) is also integrable in the Lebesgue sense, 
with the same value of the integral. When toe are concerned with func- 
tions integrable in the Riemann sense^ and with integrals over an interval^ 
it is thus not necessary to distinguish between the two kinds of integrals. 

The definition of the Lebe.sgue integral i.M, of conrse, somewhat more (oraplicatcd 
than the definition of the Riemann integral. The introduction of this complication is 
ju.stified hy the fact that the properties of the Lebe.sgue integral are simpler than 
those of the Riemann integral. — in order to show by an example that the Lebesgue 
integral exists for a more general clas.s of functions than the Riemann integral, we 
consider a function </(x) equal to 0 when x is irrational, and to 1 when x is rational. 
In every non-degenerate interval this function has the lower bound 0 and the upper 
bound 1. The lower and upper Darboux sums occurring in the definition of the Rie¬ 
mann integral of </(.r) over the interval (0, 1) are thus, for any division in sub- 
intervals, ciiual to 0 and 1 respectively, so that the Riemann integral does not exist. 
If, on the other hand, we divide the interval (0, 1) into the two parts and Sr, 
ctintaining respectively the irrational and the rational numbers of the interval, y(x) 
is equal to 0 everywhere in aS,, and to 1 everywhere in Sr. Further, has the 
meivsure 1, and Sr the mca.sure 0, .so that both Darboux sums (6.1.1) corresponding to 
this division are equal to 0. Then the lower and upper integrals (5.1.2) are both 
equal to 0, and thus the Lebesgue integral of gijx) over (0,1) exists and has the value 0. 

The Lebesgue integral over an interval (a, b) is usually written in 
the same notation as a Riemann integral: 

/• 

f g(x)dx. 
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We shall see below (cf 5.3) that this integral has the same value 
whether we consider (a, b) as closed, open, or half open. — In the 
particular case when g(x) is continuous for a ^ x ^ b, the integral 

r 

W = f 9{t)dt 

a 

exists as a Riemann integral, and thus a fortiori as a Lebesgue inte- 
gral, and we have 

(5.1.4) G'(x)=^g(x) 

for all X in (a, b). 

5.2. B-measurable functions. — A function g(x) defined for all x 
in a set S is said to be measurable in the Borel sense or B measurable 
in the set S if the subset of all points x in such that g (x) ^ k is 
a Borel set for every real value of k. We shall prove the following 
important theorem: 

If g(x) is hounded and B measurable in a set S of finite measure, 
then g[x) is integrable over S. 

Suppose that we have m < g(x) i M for all x belonging to S. Let 
f > 0 be given, and divide the interval (m, M) in sub-intervals by 
means of points such that 

m = < y„ = M. 

the length of each sub-interval being < f. Obviously this can always 
be done by taking w sufficiently large. Now let denote the set of 
all points x belonging to S such that 

//v-i < g(x) < ()' -- 1 , 2 ,.. .. n). 

Then S = ■ -f and N, — 0 for /^ v. Further, is the 

difference between the two Borel sets defined by the inequalities 
g[x)'^ifv and respectively, so that is a Borel set. The 

difference M^ — niv between the upper and lower bounds of y(.x) in 5, 
is at most equal to ijv — y,_i < f. Hence we obtain for the Darboux 
sums corresponding to this division of 6’ 

= V m.) L(S.] <e^L {S^ = f L(S). 

1 1 

But 6 is arbitrarily small, and thus by the preceding paragraph g(x) 
is integrable over S. 
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The importance of the theorem thus proved follows from the fact that 
all functions occurring in ordinary applications of mathematical analysis 
are B-measurahle. — Accordingly, we shall in the sequel only consider 
B-measurable functions. As in the case of the Bor el sets, this will 
generally not he explicitly mentioned, and should then always he tacitly 
understood. 

We shall here only indicate the main lines of the proof of the above statement, 
referring for farther detail to special treatises, e. g. de la Vallee Ponssin (Ref. 40). 
We first considi^ the case when the set jS is a finite or infinite interval (a, h), and 
write simply »B-measurable» instead of •B-measnrable in (a, b)». If and g% are 
B-measnrable fanctions, the sum gi + g%, the difference gi — g% and the product gx Ot 
are also B-measnrable. We shall give the proof for the case of the sum, the other 
cases being proved in a similar way. Let k be given, and let U denote the set of 
all X in (a, b) such that ^ k, while I/' and denote the sets defined by the 

inequalities gi ^ r and g% ^ k — r respectively. Then by hypothesis and V'^ are 
Borel sets for any values of k and r, and it will be verified without difficulty that 
we have U Vf\ where r runs through the enumerable sequence of all 

positive and negative rational numbers. Hence by 2.8 it follows that is a Borel 
set for any value of k, and thus gi + gt is B-measnrable. — The extension to the 
sum or product of a finite number of B-measnrable functions is immediate. 

Consider now an infinite sum .9 ~ + * * of B-measnrable functions, as¬ 

sumed to be convergent for any x in (a, 6). Let £|, . . . be a decreasing sequence 
of positive numbers tending to sero, and let Qmn denote the set of all x in (a, b) 
such that 4- • • -\-gm '£ k €n. Then Qmn is a Borel set, and if we put 

Bmn = Qmn Qm-i-l,n ■ . Un = Bln •+■ B2n + * • •, U ^ UxU% . . 

some reflection will show that U is the set of all x in (a, b) such that g (x) ^ k. 
Since only sums and products of Borel sets have been used, 17 is a Borel set, and 
g (x) is B-measurable. — Farther, if g i.9 the limit of a convergent sequence gx, fi, . . . 
of B-measurable functions, we may write 9 — 9i -f ( 9 * — ffi) + i9» — 9») 4- • • •, and 
thus g is B-measurable. 

Now it is evident that the function ^(x) = cx^ is B-measurable for any constant 
c and any non-negative integer n. It follows that any polynomial is B-measurable. 
Any continuous function is the limit of a convergent sequence of polynomials, and is 
thus B-measurable. Similarly all fanctions obtained by limit processes from continuous 
functions are B-measurable. 

By arguments of this type, our statement is proved for the case when S is an 
interval. If g (x) is B-measurable in (a, b), and S is any Borel set in (a, b), the func¬ 
tion e(x) equal to 1 in S, and to 0 in S*, is evidently B-measurable in (a, b). Then 
the product eix)g[x is B-measurable in {a,b), and this implies that 9 (x) is B-measur- 
able in Si. — If, in particular, S is the set of all x in (a, b) such that g (x) ^ 0, we 
have | 9 (x)| — .( 7 {x'— 2 e(x) 9 (x). Thus the modulus of a B-measurable function is 
itself B-measurable. 

When we are dealings with B-measurable functions, all the ordinary 
analytical operations and limit processes will thus lead to JB-measur 
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able functions. By the theorem proved above, any bounded function 
obtained in this way will be integ^rable in the Lebes^ue sense over 
any set of finite measure. For the Riemann intefjral, the correspomlin^^ 
statement is not true/) and this is one of the properties that renders 
the Lebesgue integral simpler than the Riemann integral. 

We shall finally add a remark that will be used later (cf 14.0) 
Let g[x) be /^measurable in a set .S’. The eijuation y— (j[x) defines 
a correspondence between the variables x and y. Denote by Y a given 
set on the ^-axis, and by X the set of all x in .9 such that 
// = {/(;r)< Y. We shall then say that the set X rorresponds to Y 
It is obvious that, if Y is the sum, product or difference t>f certain 
sets Fj, Yi, . . then X is the sura, product or difference of the cor¬ 
responding sets X|, Xj, . . . Further, when }' is a closed infinite inter 
val (—we know that X is a Borel set. Now any Borel set 
may be formed from such intervals by addition, multiplication and 
subtraction. It follows that the set X corresponding to any Borel set )’ 
2.V a Borel set. 

5 .3. Properties of the integral. — In this paragraph tre consider 
only hounded functions and sets of finite measure. — The following 
propositions (5.3.1)—(5.3.4) are perfectly analogous to the corresponding 
propositions for the Riemann integral and are ])roved in the same 
way as these, using the definitions given in 5.1: 


(5.3.1) j (f/i U) + /7j (or)) d .r = J g^ {jj d .r -f J (x) dj\ 

s s >> 

(5.3.2) I eg (.r) dx=^ c j g (.r) d 

s s 

m L (S) ^ j g(x)dx M L(S), 

s 

j g{x)dx= ( g{:x)dx + J g(x)dj\ 

S.is, S, s. 


*) ETen if the limit gix) of a sequence of functions inteKrable in the Kieinunn 
sense is bounded in an interval (a, 6), we cannot assert that the Kiemann integral of 
g{x) over (a, 6) exists. Consider, e. g., the sequence yi, </#, . . where g^ is equal to 
1 for all rational numbers cr with a denominator < n, and otherwise equal to 0. 
Obviously gn is integrable in the Riemann sense over (0,1), but the limit o( gn when 
n—» 00 is the function g{x) equal to 1 or 0 according as x is rational or irrational, 
and we have seen in the preceding paragraph that the Riemann integral of this 
function over (0,1) dues not exist. 


(ft.3.3) 

(5.3.4) 
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where c is a constant, m and M denote the lower and upper bounds 
of g(x) in 8 . while Si and 5, are two sets without common points. 
(5.3.1) and (5.3.4) are immediately extended to an arbitrary finite 
number of terms. — If we consider the non>negative functions 
1 ^ (a?) I ± (a:), it follows from (6.3.3) that we have 

(5.3.5) \j g{x)dx\^ j\g(x)\dx. 

s s 

In the particular case when g (x) is identically equal to 1, (5.3.3) gives 

/ dx^^LiS). 

S 

It further follows from (5.3.3) that the integral of any bounded g(x) 
over a set of measure zero is always equal to zero. By means of (5.3.4) 
we then infer that, if gi{x) and g^ix) are equal for all a:; in a set S, 
except for certain values of x forming a subset of measure zero, then 

/ g, {x)dx — f gf{x)dx. 
s s 

Thus if the values of the function to be integrated are arbitrarily 
changed on a subset of measure zero, this has no influence on the 
ralue of the integral. We may even allow the function to be com¬ 
pletely undetermined on a subset of measure zero. We also see 
that, if two sets Si and 5, differ by a set of measure zero, the inte¬ 
grals of any bounded g(x) over Si and S^ are equal. Hence follows 
in particular the truth of a statement made in 5.1, that the value of 
an integral over an interval is the same whether the interval is closed, 
open or half-open. 

It follows from the above that in the theory of the Lebesgue 
integral we may often neglect a set of measure zero. If a certain 
condition is satisfied for all x belonging to some set S under con¬ 
sideration, with the exception at most of certain values of x forming 
a subset of measure zero, we shall say that the condition is satisfied 
almost everywhere in S or for almost all values of x belonging to S. 

We shall now prove an important theorem due to Lebesgue con¬ 
cerning the integral of the limit of a convergent sequence of func¬ 
tions. We shall say that a sequence p, (x), g^ (a:), ... is uniformly 
hounded in the set S, if there is a constant K such that | g^ (a;) | < K 
for all V and for all x in S. 
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If the eequenee [g^ (x)) is uniformly hounded in S, and if lim g^(x)^g (o!;) 
exiete almost everywhere in we have 

(5.3.6) lim {g^(x)dx^ f g{x)dx. 

If lim g, (x) does not exist for all x in we complete the defini¬ 
tion of g (x) by putting p (x)» 0 for all x such that the limit does 
not exist. We then have \g(x)\^K for all x in 8, and it follows 
from the preceding paragraph that g(x) is J3-measurable in 8 and is 
thus integrable over 8. Let now s > 0 be given» and consider the set 
8n of all X in ^ such that |p«(x) — ^(x)| s for v = n, n + 1, . . .. 
Then 8% is a Borel set, the sequence 8^, . . . is never decreasing, 
and the limiting set lim 8% (cf 1.5) contains every x in ^ such that 
lim g^(x) exists. Thus by hypothesis lim 8% has the same measure as 
5, and we have by (4.7.1) 

lim L(8n) = L(lim 8n) = L(8\ 

We can thus choose n such that L(8n)> L(5) —e, or L(5— 5n) < 
and then obtain for all v n 

Jlsr,(x) —p{x)ldx = /+ / <*[L{S) + 22Sf]. 

S Sf^ 

Since s is arbitrary, and since 

1/ g,{x)dx — f g[x)dx \^ f\gr{x) — g(x)\dx, 

a a s 

this proves our theorem. 

The theorem (5.3.6) can be stated in another form as a theorem 

on term-hy-term integration of a series: 

00 

If the series 2 /»(^) converges almost everywhere in 8, and if the 

1 

n 

partial sums 2 W uniformly hounded in 5, then 
1 

(6.3.7) J (2 (a?)) = 2 J/» (*) *. 

Under this form, the theorem appears as a generalization of (5.3.1) 
to an infinite number of terms. We shall now show that a corres- 
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ponding generalisation of (5.3.4) maj be deduced ae a corollary from 
(6.3.7). 

If S Si •¥ Sf -i - , where 5 ^ & == 0 for then 


(5.3.8) 




X. 


Let e^{x) denote a function equal to 1 for all x in and other¬ 
wise equal to zero. For any x belonging to S, we then hare 


9 (x) = ^e,(x)g{x), 
1 


and it is obvious that the partial sums of this series are uniformly 
bounded in S. Then (5.3.7) gives 

e^(x)g(x)dx=^^ I g(x)dx. 

In the particular case g(x) = l, (5.3.8) reduces to the additivity 
relation (4.5.2) for Lebesgue measure. 



5.4. The integral of an unbounded function over a set of finite 
measure. — In 5.1 and 5.2 we have seen that the Lebesgue integral 

/ g{x}dx 

a 


has a definite meaning under the two assumptions that 1) g{x) is 
bounded in Sy and 2) S is of finite measure. We shall now try to 
remove these restrictions. In this paragraph, we consider the case 
when S is still of finite measure, but g{x) is not necessarily bounded 
in S. 

Let a and b be any numbers such that a < 6, and put 


^a,6(x) 


a if (x) < 

g(x) » a^g(x)^ b, 

b » g(x)> b. 


Obviously ga,b(x) is bounded and B-measnrable in Sy and thus inte- 
grable over S. If the limit 
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(5.4.1) lim f g«,bU)dx= f g{x)dx 

A- 

6 -* + « 

exisi» and has a finite value, we shall say that g{x) is integidble over 
S. This limit is then, by definition, the Lebes^rue integral of g(x) 
over S, 

It follows directly from the definition that any function is inte- 
grable over a set of measure zero, and that the value of the integral 
is zero, os in the case of a bounded function. 

In the definition (5.4.1), we may assume a < 0, h > 0, and then have 

ffa, b (x) = 5 = ga, 0 “f go, b, 

i 9 {^) |a« b I ^ |o, b 9—b, 0 "1” ^0, />• 

For fixed x, ga,o(x) and go,b(x) are never decreasing functions of a 
and h respectively. It follows that both g and 1 g (x) | are integrable 
if, and only if, the limits 

(5.4.2) lim f go, o(x) d X and lim f go,b(x)dx 

a— — « 

are both finite. Hence the integrability of g(x) is equivalent with the 
integrability of |^(a;)|. It further follows that, if g{x) is integrable 
over S, it is also integrable over any subset of 

If, for all X in 5, we have |f/(^‘)| < 6'(x), where (i(x) is integrable 
over S, we have | g |a, h ^ ^a, h, so that | g (.r) | and thus also g (x) are 
integrable over /S. 

We now immediately find that the properties (5.3.2)^—(5.3.5) of the 
integral hold true for any integrable g(x}. With respect to (5.3.3) it 
should, of course, be observed that one of the bounds m and 3f, or 
both, may be infinite. 

We proceed to the generalization of (5.3.1), which is a little more 
difficult. Suppose that /(x) and g(x) are both integrable over S. From 

I / ■+■ .9 k 0 ~ 0 , 1/ + g k f, ^ l/k f> \ 9 |o, h, 

it follows that f(x) + g(x) is also integrable. We have to show that 
the property (5.3.1) holds in the present case, i.e. that 

(*^•*^•3) ^ (f If) dx j fd ./• 4* j gd X. 

S A A 


Suppose in the first place that f and g are both non-negative in 
Then 
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(/ + »»0 ** f/ff, 0 =“ 0» 

(/+ 9 ) 0 , b S^/o, b + 9b,h^(f 9)b, 36, 

and hence 

/(/ + 9)0,bdx^ jftt, bdx f gtt,hdx ^ J(/ + <7)0.96 dx, 

8 s s s 

Allowing a and b to tend to their respective limits, we obtain (5.4.B). 

— Now S may be divided into at most six subsets, no two of which 

have a common point, such that in each subset none of the three 
functions /, g and / + g changes its sign. For each subset, (5.4.3) is 
proved by the above argument. Adding the results and using (5.3.4) 
we obtain (5.4.3) for the general case. 

We have thus shown that all the properties (5.3.1)—(5.3.5) of the 
integral hold true in the present case. In order to generalize also 
the properties expressed by the relations (5.3.6)—(5.3.8), we shall first 
prove the following lemma: 

If g{;x) is integrable over and if€>0 is given, we can always 
find d > 0 such that 

(5.4.4) IJ g(x)dx\< e 

for every mbset S < Sq which satisfies the condition L (5) < d. 

Since we have seen that (5.3.5) holds in the present case, it is 
sufficient to prove the lemma for a non-negative function g(x). In 
that case 

f gdx = lim J go, hdx, 

and thus we can find b such that 

0 ^ J {g — go,b)dx < is. 

s. 

Since the integrand is non-negative, it follows by means of (5.3.4) 
and (5.3.3) that we have for any subset S < Sf^ 

j (9'-9o,b)dx < is 
s 

or 

J gdx < J go, bdx "h i s ^ b L (5) + J f. 

£ 

Choosing d~^^, the truth of the lemma follows immediately. 
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A consequence of the lemma is that, if g(x) is integrable over an 

X 

interval (a, 6), the integ^ral f g{i)dt is a continuous function of x for 

a 

a < X <b. 

We can now proceed to the generalization of (5.3.6). Assuming 
that lim g^{x)^g(x) almost everywhere in S, we shall show that the 

relation 

(5.4.5) lim / p, (ar) da: = / g(x)dx 

S s 

holds if the sequence {^«r(a:)} is uniformly dominated by an integrable 
function, i. e. if |^*(a:)| < G(x) for all v and for all x in S, where G(x) 
is integrable over S. — In the particular case 6r (a;) const., this re¬ 
duces to (5.3.6). 

The proof is quite similar to the proof of (5.3.6). We first observe 
that it follows from the hypothesis that |^(a:)| ^ G (x) almost every¬ 
where in S] thus g*[x) and ^(a:) are integrable over S. Given c > 0, 
we then denote by Sn the set of all a: in such that |^f'(x)—ii^(ac:)| ^ £ 
for all v'^n. Then iS|, 5,, ... is a never decreasing sequence, and 
L (^n)(^). Using lemma (5.4.4), we now determine d such that 
r G{x)dx< e for every S* < S with L(S') < d, and then choose n such 

that L(Sr) > L(S)-- d, and consequently L(S — Sn) < d. We then ob¬ 
tain for all V ^ n 

f\ff^(x) — g(x)\dx = f + f 
s s« *-s„ 

<eL{S) + 2f G(x)dx<elHS)+2l 

S-Sn 


and thus (5.4.5) is proved. — The corresponding generalization of 
(5.3.7) and (5.3.8) is immediate. 

5.5. The integral over a set of infinite measure. — We shall now 
remove also the second restriction mentioned at the beginning of 5.4, 
and consider Lebesgue integrals over sets of infinite measure. Let S 
be a Borel set of infinite measure, and denote by Sa,b the product 
(common part) of S with the closed interval {a, b), where a and b are 
finite. Then Sa,b is, of course, of finite measure. 

If g(x) is integrable over Sa,b for ftU ^ s-od b, and if the limit 
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lim / \g[x)\dx=^ f \9(^)\ dx 

a “• *— 00 c . « 

b- + oo ‘ 

exists and has a finite value, we shall say that g[x) is integrable 
over S}) It is easily seen that in this case the limit 

(5.5.1) lim f g(x)<lx= \g(x)dx 

ft-*+ 00 ^ 

also exists and has a finite value, and we shall accordingly say that 
the Lebesgue integral of g{x) over the set S \% convergent^). The limit 

(5.5.1) is then, by definition, the value of this integral. — If g(x) is 
integrable over it is also integrable over any subset of S. 

I^WI all X in S, where fr(ar) is integrable over S, 

it is easily seen that g(x) is integrable over S. Since + 

^ 1 5 ^ 1 1 + Ifl'a1 1 follows that the sum of two integrable functions is 
itself integrable. 

It follows directly from the definition that the properties (5.3.1), 

(5.3.2) and (5.3.4) hold true in the case of functions integrable over a 
set of infinite measure. Instead of (5.3.3), we obtain here only the 
inequality 

f g (x) dx ^*0 if g (a^) ^ 0 for all x in S. 

.y 

This is, however, sufficient for the deduction of (5.3.5) for any inte¬ 
grable ^(x). 

We now proceed to the generalization of (5.4.5), which is itself a 
generalization of (5.3.6). If lim gv(x) — g(x) almost everywhere in 
and if |^r| < (/, where (i is integrable over it follows as in the 
preceding paragraph that |< 7 | ^ G almost everywhere in S. Conse- 
(juently g(x) is integrable over *S, and we can choose a and h such 
that for all v 

} \gv — g\dx <2 f G (a:) dx < ie. 

Now Sa.b is of finite measure, and it then follows from the proof of 
(5.4.5) that we can choose n such that for all v ^ n 

_ -V*. 

') Strictiy speakiog, wo ought to say that g[x) is absolutely integrable over S, 
aud that the integral of g{x) over S is absolutely convergent. As we shall only in 
exceptional cases use non-abtolutely convergent integrals we may, however, without 
inconvenience use the simpler terminology adopted in the text. 
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We then have for u 

j\9r — 9\dx = j + /<*. 

^ ^a,h 


Since « is arbitrary, we have thus proved the following theorem, which 

contains (5.3.6) and (5.4.5) as particular cases; 

IfXim gv(x) = g[x) exists almost everywhere in the set S of finite or 
*-♦00 

infinite measure, and if |^*(a:)| < d {x) for all v and for all x in S, 
tvhere G (x) is integrahle over S, then g(x) is integrahle over S, and 


(5.5.2) 


liin f gt,(x} dx = f g[x)dx. 


The theorem (5.5.2) may, of course, also be stated as a theorem on 
term-by-term integration of series analogous to (5.3.7). — Finally, the 
argument used for the proof of (5.3.8) evidently applies in the present 
case and leads to the following generalized form of that theorem: 
If g[x) is integrahle over S, and if iS = tVi 4- + • , where SftSv"=0 

for then 

00 

(5.5.3) l'(j{x)dx = ^ JoM dr. 

S 1 s„ 


5.6. The Lebesgue integral as an additive set function. — Let us 

consider a fixed non-negative function f[x), integrahle over any finite 
interval, and put for any Borel set aV 

[ \ f[x)dx, if f(x) is integrahle over S, 

(5.6.1) 7>(S)= 

[ + Qo otherwise. 

Then P(S) is a non-negative function of the set S, uniquely defined 
for all Borel sets S. Let now S = S^ + + , where == 0 for 

y V. It then follows from (5.5.3) that the additivity relation 

P(S) = r(s,) + P{S,) + ■■■ 

holds as soon as P[S) is finite. The same relation holds, however, 
even if P(S) is infinite. For if this were not true, it would be pos¬ 
sible to choose the sets S and -i),, ... such that P(S) = -f oo, while 

the sum P(5,) -f P(-S' 2 ) + would be finite. This would, however, 
imply the relation 
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J/(x) = 2 / 

* (**)«, 6 

^^jf(x)dx’‘%P(S,). 

15 , 1 

Allowing here and h to tend to their respectiye limits, it follows 
that f(x) would be integrable over 5, against our hypothesis. Thus 
P(S) as defined by (5.6.1) is a non-negative and additive set function, 
defined for all Borel sets S in Kj. 

In the particular case when/(a?) = 1, we have P(S) =» L (S), so that 
P(S) is identical with the Lebesgue measure of the set S. Another 
important particular case arises when f(x) is integrable over the whole 
space Hj. In this case, P(/S) is always finite, and we have for any 
Borel set S 

P(S)^ Jf(x)dx. 

— 00 

CHAPTER 6. 

Non-Negative Additive Set Functions in Rj. 

6.1. Generalization of the Lebesgue measure and the Lebesgue 
Integral. — In Ch. 4 we have determined the Lebesgue measure L [S) 
for any Borel set S. L(S) is a number associated with S or, as we 
have expressed it, a function of the set S. We have seen that this set 
function satisfies the three conditions of 4.2, which require that L (^) 
should be a) non-negative, b) additive, and c) for any interval equal 
to the length of the interval. We have finally seen that L(S) is the 
only set function satisfying the three conditions. 

On the other hand, if we omit the condition c), L (S) will no longer 
be the only set function satisfying our conditions. Thus e. g. the func¬ 
tion P(5) defined by (5.6.1) satisfies the conditions a) and b), while c) 
is only satisfied in the particular case/(a;) = 1, when P(<S) = L(S). — 
Another example is obtained in the following way. Leto^^, x^, ... be 
a sequence of points, and Pj, - & sequence of positive quantities. 
Then let us put for any Borel set S 

<zs 
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the sum bein^ extended to all or* belong^ingf to S. It is readily seen 
that the set function P(5) thus defined satisfies the conditions a) and 
b), but not c). 

We are thus led to the igfeneral concept of a non-negative and ad- 
ditive set function, as a natural generalization of the Lebesgue measure 
L(5). In the present chapter we shall first, in the paragraphs 6.2— 
6 .4, investigate some general properties of functions of this type. 

In the applications to probability theory and statistics, that will be 
wade later in this book, a fundamental part is played by a particular 
class of non-negative and additive set functions. This class will be con¬ 
sidered in the paragraphs 6.5—6.8. 

In the following Chapter 1, we shall then proceed to show that 
the whole theory of the Lebesgue integral may be generalized by re¬ 
placing, in the basic definition (5.1.1) of the Darboux sums, the Lebesgue 
measure L(S) by a general non-negative and additive set function P(5). 
The generalized integral obtained in this way, which is known as the 
Lebesgue-Stieltjes integral, will also be of a fundamental importance 
for the applications. 

6 .2. Set functions and point functions. — We shall consider a set 
function P(5) defined for all Borel sets S and satisfying the following 
three conditions: 

A) P[S) is mu-negative: P{S)^0, 

B) P[S) is additive: 

P(5i ^ = P(S,) + P(S,) -f • • (S^ OM ^ •')• 

C) P(S) is finite for any hounded set S. 

All set functions considered in the sequel 'will be assumed to satisfy these 
conditions. 

From the conditions A) and B), which are the same as in the par¬ 
ticular case of the Lebesgue measure L [S], we directly obtain certain 
properties of P(5), which are proved in the same way as the cor¬ 
responding properties of L(S). Thus if 5, C 5, we have 

(6.2.1) P(^,)^P(-5,). 

For the empty set we have P(0) = 0. If ... are sets which 

may or may not have common points, we have (cf 4.3.7, which ob¬ 
viously holds for any Borel sets) 
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(6.2.2) P(S, + 5,+ • •)^P(5,) + P{5,) + --. 

For a non-dea-easing sequence ..., we have (cf 4.7.1) 

(6.2.3) lim P(Sn) = P{lim Sn). 

For a non-increasing sequence, the same relation holds provided that 
P(S,) is finite. 

When a set S consists of all points S that satisfy a certain rela¬ 
tion, we shall often denote the value P(iS) simply by replacing the 
sign S within the brackets by the relation in question. Thus e. g. if 
S is the closed interval (a, ft), we shall write 

P(S) = P(a ^ 5 ^ b). 

When S is the set consisting of the singfle point ^ = a, we shall write 

P(5)-P(| = a), 
and similarly in other cases. 

We have called P(/S) a sei function, since the arg^ument of this 
function is a set. For an ordinary function P(a*, , . .., a^n) of one or 
more variables, the argument may be considered as a point with the 
coordinates o^i, ..., a:nt and we shall accordingly often refer to such a 
function as a point function, — When a set function P(S) and a con¬ 
stant k are given, we define a corresponding point function F(x\ k) 
by putting 

( P(k < g ^ x) for x> k, 

(6.2.4) P(x;A:)= 0 » x = k, 

I—P(x < ^ ^ k) » X < k. 

Whatever the value of the constant parameter A:, we then find for any 
finite interval (a, 6) 

F(b; k) ~ F(a; k)^P(a<^^b)^ 0, 

which shows that F{x\ k) is a non decreasing function of x. If in the 
last relation we allow a to tend to — or ft to tend to -I- Qc, or 
both, it follows from (6.2.3) that the same relation holds also for in¬ 
finite intervals. — In the particular case when P(S) is the Lebesgue 
measure L{S), we have F(x; k)=^x^k. 

The functions F(x\ k) corresponding to two different values of the 
parameter k differ by a quantity independent of x. In fact, if A*, < A 2 
we obtain 
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F(x\ A:,) - F(x\ Ar,) = P{k^ 4,). 

Thus if we choose an arbitrary value of k and denote the corres¬ 
ponding function F(x\ k^ simply by F( 2 c), any other F(x\ k) will be 
of the form F(x) + const. 

We may thus say that to any set function P(S) satisfying the condu 
Hons A)—C), there corresponds a non’decreasing point function F(x) such 

that for any finite or infinite interval (a, h) we have 

(6.2.5) F(h) - F(a) ^P(a<S^ b). 

F(x) is uniquely determined except for an additive constant. 

We now choose an arbitrary, but fixed value of the parameter k, 
and consider the corresponding function Since F(x) is non¬ 

decreasing, the two limits from above and from below 

F(a + 0) = lim JP(x), F(a — 0) == lim F(a;) 

ar-*a+0 z-*a—0 

exist for all values of a, and F(a — 0) ^ F[a 0). According to 
(6.2.5) we have for a: > a 

F[x) - F(a) = P(fl < 5 ^ x). 

Consider this relation for a decreasing sequence of values of x tending 
to the fixed value a. The corresponding half-open intervals a< ^^x 
form a decreasing sequence of sets, the limiting set of which is empty. 
Thus by (6.2.3) we have F(x) — F(a) -* 0, i. e. 

P(a + 0) = F(a). 

On the other hand, for x < a 

F(a) - F(x) = P(a: < ? ^a), 

and a similar argument shows that 

- 0)« F(a) - P(5 = fl) ^ P (a). 

Thus the function F(x) is always continuous to the right. For evei'y 
value of X such that P($=x)>0, F(x) has a discontinuity with the 
saltus P(§ = x). For every value of x such that P(§ = a:)==0, F(x) is 
continuous. 

Any X such that P[S) takes a positive value for the set S con¬ 
sisting of the single point x^ is thus a discontinuity point of P(a?). 
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These points are called discontinuity points also for the set function 
P(S), and any continuity point of F(x) is also called a continuity 
point of P{S). 

The discontinuity points of P(S) and F{x) form at most an enumer¬ 
able set. — Consider, in fact, the discontinuity points x belonging to 

the interval in defined by w < a: < n 4- 1, and such that P(§ = x) > ^ 

c 

Let 6^ be a set consisting of any v of these points, say x^, . . 

Since Sr is a subset of the interval i„, we then obtain 

P(in) S P(S.) P(| = a:,) + • • ■ + P(| = X.) > -. 

c 

or v<cP(in). Thus there can at most be a finite number of points 
Xj and if we allow c to assume the values 1, 2, . . we find 
that the discontinuity points in in form at most an enumerable set. 
Summing over w=0, i we obtain (cf 1.4) the proposition 

stated. 

Let now Xi, .r*, ... be all discontinuity points of PiS) and ^(x), 
let X denote the set of all the points Xr, and put P(f = a:r)=p». 
For any set 5, the product set S X consists of all the points Xv be¬ 
longing to 5, while the set S — S S X* contains all the remaining 
points of S. We now define two new set functions Pj and P, by writing 

(6.2.6) P^(S) = P(SX)= 2 == P(^"X*). 

X, CS 


It is then immediately seen that Pj and P, both satisfy our conditions 
A)—C). Further, we have S — SX 5 X*, and hence 

(6.2.7) P(S)^PAS) + PASy 

It follows from (6.2.6) that P, (iS) is the sum of the saltuses pr for 
all discontinuities Xy belonging to S, Thus Pj (S) == 0 for a set 5 
which does not contain any Xy. On the other hand, (6.2.6) shows that 
p 2 (<S) is everywhere continuous, since all points belonging to X* are 
continuity points of P{S). Thus (6.2.7) gives a decomposition of the 
non-negative and additive set function P{S) in a discontinuous part 
P, (5) and a continuous part Pf(S). 

If P, Fi and F^ are the non-decreasing point functions corres¬ 
ponding to P, Pj and P,, and if we choose the same value of the 
additive constant k in all three cases, we obtain from (6.2.4) and (6.2.7) 
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(6.2.8) F(x)^F,(x)^ F,(x). 

Here, F, is everywhere continuous, while F, is a »step-function», 
which is constant over every interval free from the points ar*, but has 
a »8tep» of the height pv in every x^. — It is easily seen that any 
non decreasing function F(x) may be represented in the form (6.2.8), 
as the sum of a step-function and an everywhere continuous function, 
both non-decreasing and uniquely determined. 

6.3. Construction of a set function. — We shall now prove the 
following converse of theorem (6.2.5): 

To any non-decreasing point function F(x), that is finite for all finite 
X and is always continuous to the right, ther^ corresponds a set function 
P(S), uniquely determined for all Borel sets S and satisfying the con¬ 
ditions A) —C) of 6.2, in such a way that the relation 

F[h) - F(a) = P(fl < ? ^ 6) 

holds for any finite or infinite interval [a, h). — It is then evident that 
two functions F^{x) and P’lCx) yield the same P(S) if and only if the 
difference Fj — F^ is constant. 

Comparing this with theorem (6.2.5) we find that, if two functions 
F| and F^ differing by a constant are counted as identical, there is 
a one-to-one correspondence between the set functions P(iS) and the 
non-decreasing point functions F(rr). 

In the first place, the non-decreasing point function F(x) deter¬ 
mines a non-negative interval functimi P(i), which may be defined as 
the increase of ^'(x) over the interval i. For any half-open interval 
defined by a < a; ^ 6, P(i) assumes the value P(a < x ^ h) = F(b) — P'(a). 
For the three other types of intervals with the same end-points a and 
h we determine the value of P(i) by a simple limit process and thus 
obtain 

Pia^x^h)^ F(b) - F(a ~ 0), 

P(a<x< b) = F(b - 0) - F(a), 

6.3.1 

P(a<x^b) = F(b)-F(a), 

P(a^x<b)^ F(b - 0) ~ F{a - 0), 

so that P(^) is completely determined for any interval i. 

The theorem to be proved asserts that it is possible to find a non¬ 
negative and additive set function, defined for all Borel sets 5, and 
equal to P(t) in the particular case when iS is an interval i. 
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This is, however, a straightforward generalisation of the problem 
treated in Ch. 4. £n that chapter, we ha^e been concerned with the 
particular case ~ x, and with the corresponding interval function: 
the length L(i) of an interval i. The whole theory of Lebesgue 
measure as developed in Ch. 4 consists in the construction of a non¬ 
negative and additive set function, defined for all Bore! sets S and 
equal to L(t) in the particular case when S is an interval i. It is 
now required to perform the analogous construction in the case when 
the length or »L-mea8ure^ of an interval, L[i) = h — a, has been replaced 
by the more general -measure^ P(i) defined by (6.3.1). 

Now this may be done by exactly the same method as we have 
applied to the particular case treated in Ch.. 4. With two minor ex¬ 
ceptions to be discussed below, every word and every formula of Ch. 
4 will hold good, if 1) the words measure and measurable are throughout 
replaced by P-measure and P-measurable^ 2) the length L(i) = b‘-a 
of an interval is replaced by the P-measure P(0» and 3) the signs L 
and S are everywhere replaced by P and $. In this way, strictly following 
the model set out in 4.1—4.5, we establish the existence of a non negative 
and additive set function Pi^*), uniquely defined for a certain class $ of 
sets that are called P measurahle, and equal to P(i) when S is an inter¬ 
val t. Further, it is shown exactly as in 4.6 that the class $ of all P- 
measurable sets is an additive class and thus contains all Borel sets. 
Finally, we prove in the same way as in 4.7 that P(S) is the only 
non-negative and additive set function defined for all Borel, sets, 
which reduces to the interval function P(t) when S is an interval. 

In this way, our theorem is proved. Moreover, the proof explains 
why it will be advantageous to restrict ourselves throughout to the 
consideration of Borel sets. We find, in fact, that although the class 
of all Pmeasurable sets may depend on the particular function P(x) 
which forms our starting point, it always contains the whole class iBi 
of Borel sets. Thus any Borel set is always P-measurable, and the 
set function PliS") corresponding to any given P(x) can always be 
defined for all Borel sets. 

It now only remains to consider the two exceptional points in 
Ch. 4 referred to above. The first point is very simple, and is not 
directly concerned with the proof of the above theorem. In 4.3 we 
have proved that the Lebesgue measure of an enumerable set is always 
equal to zero. This follows from the fact that an enumerable set may 
be considered as the sum of a sequence of degenerate intervals, each 
of which has the length zero. The corresponding proposition for P- 

54 



6.3 


meftBure is obyioaslj false, as soon as the function F(x) has at least 
one diseontinuitj point. A degenerate interval consisting of the single 
point a maj then well have a positive P-measure, since the drst rela¬ 
tion (6.3.1) gives 

P(a:=:a) = P(a)-P(a-0). 

As soon as an enumerable set contains at least one discontinuity point 
of F(x), it has thus a positive P-measure. 

The second exceptional point arises in connection with the gener¬ 
alisation of paragraph 4.1, where we have proved that the length is 
an additive interval function. In order to prove the same proposition 
for P-measure, we have to show that 

(6.3.2) P(.-)-P(*,) + P(t.) + --, 

where % and »t* • * • intervals such that i «+ t| + - ■ and 
U = 0 for /i V. 

For a continuous F(x\ this is shown by Borers lemma exactly in 
the same way as in the case of the corresponding relation (4.1.1), re¬ 
placing throughout length by P-measure. Let us, however, note that 
in the course of the proof of (4.1.1) we have considered certain inter¬ 
vals, e. g. the interval (a a + e) which is chosen so as to make 
its length equal to 2 s. When generalizing this proof to P-measure, 
we should replace this interval by (a — k, a -f k), choosing h such 
that the P-measure F(a -f k) — F{a — h) becomes equal to 2 s. 

On the other hand, if F{x) is a step-function possessing in ^ the 
discontinuity points Xj, a;,, . . . with the respective steps p,,pf, . . ., we 
have 

1 c:/„ 

Since no two of the in have a common point, every x« belongs to 
exactly one tn, and it then follows from the properties of convergent 
double series that (6.3.2) is satisfied. 

Finally, by the remark made in connection with (6.2.8) any F(x) 
is the sum of a step-function Fi and a continuous component P^, both 
non-decreasing. For both these functions, (6.3.2) holds, and thus the 
same relation also holds for their sum P(x). — We have thus dealt 
with the two exceptional points arising in the course of the general¬ 
isation of Ch. 4 to an arbitrary P-measure, and the proof of our 
theorem is hereby completed. 
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6.4. P-meMuro. — A set function P(S) satisfyinf? the conditions 
A)-^C) of 6.2 defines a P-mecuurc of the set S', which constitutes a 
generalization of the Lebesgue measure Z(S). Like the latter, the 
P-measure is .non-negative and additive. 

By the preceding paragraph, the P-measure is uniquely determined 
for any Borel set S, if the corresponding non-decreasing point func¬ 
tion F(x) is known. Since, by 6.2, F(x) is always continuous to the 
right, it is sufficient to know jP(a!;) in all its points of continuity. 

If, for a set S, we have P(S) = 0, we shall say that S is a set of 
P-measure zero. By (6.2.1), any subset of S is then also of P-measure 
zero. The sum of a sequence of sets of P-ineasure zero is, by (6.2.2), 
itself of P-ineasure zero. If P(a) = F(h), the half-open interval 
a < x^h is of P-measure zero. 

When a certain condition is satisfied for all points belonging to 
some set S under consideration, except possibly certain points forming 
a subset of P-measure zero, we shall say (cf 5.3) that the condition 
is satisfied almost everywhere (P) or for almost all (P) points in the 
set S. 


6.5. Bounded set functions. — For any Borel set S we have by 

(6.2.1) P(iS) ^ P(Pi). If P(P|) is finite, we shall say that the set 

function P(S) is hounded. When P(S) is bounded, we shall always fix 
the additive constant in the corresponding non-decreasing point func¬ 
tion P(a:) by taking ^ — oo in (6.2.4), so that we have for all values 

of X 

(6.5.1) F(x) = P(^^x). 

When X tends to — oo in this relation, the set of all points ^ ^ x 
tends to a limit (cf 1.5), which is the empty set. Thus by (6.2.3) we 
have F{— oo) = 0. On the other hand, when x + oo, the set x 
tends to the whole space P,, and (6.2.3) now gives P(+ ao) — P{R^), 
Since F(x) is non-decreasing, we thus have for all x 

(6.5.2) 0^F(x)^P(R^). 

6 .6. Distributions. — Non-negative and additive set functions P(iS) 
such that P(ll,)=l play a fundamental part in the applications to 
mathematical probability and statistics. A function P(iS) belonging 
to this class is obviously bounded, and the corresponding non-decreasing 
point function F(x) is defined by (6.5.1), so that 
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F(x)^P(S^x\ 

(6.6.1) O^F{x)^l. 

F(-a)) = 0, F{+ 00) 

A pair of functions P(iS) and F(x) of this type will often be con> 
cretely interpreted by means of a distribution of mass over the one- 
dimensional space A|. Let us imagine a unit of mass distributed over 
R^ in such a way that for every x the quantity of mass allotted to 
the infinite interval $ ^ a? is equal to F(x). The construction of a set 
function P(iS) by means of a given point function F(x), as explained 
in 6.3, may then be interpreted by saying that any Borel set S will 
carry a determined mass quantity P(S). The total quantity of mass 
on the whole line is P(H|) = 1. 

We are at liberty to define such a distribution either by the set 
function P(S) or by the corresponding point function P’(rc). Using 
a terminology adapted to the applications of these concepts that will 
be made in the sequel, we shall call P(S) the probability function of 
the distribution, while F{x) will be called the distribution function. 

Thus a distribution function is a non-decreasing point function 
F(x) which is everywhere continuous to the right and is such that 
2/(—x>) = 0 and 00 )=!. Conversely, it follows from 6.3 that 

any given F[x) with these properties determines a unique distribution, 
having F(x) for its distribution function. 

If Xq is a discontinuity point of F(x\ with a saltus equal to 
the mass ih concentrated in the point which is then called 

a discrete mass point of the distribution. On the other hand, if x^ 
is a continuity point, the quantity of mass situated in the interval 
(x — h, X h) will tend to zero with h. 

The ratio ^ is the mean density of the mass be* 

longing to the interval x — h<l^x-\-h. If the derivative P’'(a:) —/(a?) 
exists, the mean density tends to f(x) as h tends to zero, and accord* 
f{^) represents the density of mass at the point x. In the ap¬ 
plications to probability theory, /(a?) will be called the probability 
density or the frequency function of the distribution. Any frequency 
function f(x) is non-negative and has the integral 1 over (—<», oc). 

From (6.2.7) and (6.2.8) it follows that any distribution may be 
decomposed into a discontinuous and a continuous part by writing 
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P{S) = c.P,(S)+c,P,(5). 

( 6 . 6 . 2 ) 

F(*) = Cl Ft (i) + c, Ft (x). 

Here C| and C| are non-negative constants such that = 1. Pj and 

F, denote the probability function and distribution function of a dis¬ 
tribution, the total mass of which is concentrated in discrete mass 
points (thus F, is a step-function). P2 and F2, on the other hand, 
correspond to a distribution without any discrete mass points (thus 
F, is everywhere continuous). The constants c, and Cg, as well as the 
functions Fi, F|, f\ and Fg are uniquely determined by the given 
distribution. 

In the extreme case when c, = I, Cg — O, the distribution function 
F( 2 :) is a step-function, and the whole mass of the distribution is con¬ 
centrated in the discontinuity points of F(x), each of which carries 
a mass quantity equal to the corresponding saltus. The opposite ex¬ 
treme is characterized by c, = 0, Cg = 1, when F(a:) is everywhere con¬ 
tinuous, and there is no single point carrying a positive quantity of mass. 

In Ch. 15 we shall give a detailed treatment of the general theory 
of distributions in H,. In the subsequent Chs. 16 — 19, certain im¬ 
portant special distributions will be discussed and illustrated by figures. 
At the present stage, the reader may find it instructive to consult 
Figs 4—5 (p. 169), which correspond to the case Ci== 1, Cg = 0, and 
Pigs 6—7 (p. 170—171), which correspond to the case c, = 0, (' 2 ==!. 

6.7. Sequences of distributions. — An interval (a, b) will be called 
a contifiuity inter val for a given non-negative and additive set function 
P(<S), and for the corresponding point function F(x)t when both ex¬ 
tremes*) a and h are continuity points (cf 6.2) of P(S) and F(x). If 
two set functions agree for all intervals that are continuity intervals 
for both, it is easily seen that the corresponding point functions F(a:) 
differ by a constant, so that the set functions are identical. 

Consider now a sequence of distributions, with the probability func¬ 
tions Pi ( 5 ), PziS), . . . and the distribution functions F^ (oj), F 2 (a:), . . .. 
We shall say that the sequence is conveigent, if there is a non-negative 
and additive set function P[S) such that Pn(S) P(S) whenever N 
is a continuity interval for P(-{?). 

Since we always have 0^ Pn(5)^ I, it follows that for a con¬ 
vergent sequence we have 0 ^ P(S) ^ 1 for any continuity interval 

*) Note that any inner point of the interval may be a diacontinuity. The name 
of continuity-bordered interval^ though longer, would perhaps be more adequate. 
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= (f/, b). When a — oo and b -h oo^ it then follows from (6 2.3) 
that P(<Ri) ^ 1. The case when P(llj)= l ig of special interest. 
In this case P(6’) is the probability function of a certain distribution, 
and we shall accordingly say that our sequence vonvnges to a distrihu 
lion, viz. to the distribution corresponding to P[S). — Usually it is 
only this mode of convergence that is interesting in the applications, 
and we shall often want a criterion that will enable us to decide 
whether a given sequence of distributions converges to a distribution 
or not. The important problem of finding such a criterion will be 
solved later (cf 10.4); for the present we shall only give the following 
preliminary proposition: 

A sequence of distributions with the distribution functions F, (x), 
Fg (aj), .. . converges to a distribution when and only when there is a dis¬ 
tribution function F(a?) such that Fn(x) F(x) in every continuity point 
of F(x), — When such a function F(x) exists, F(x) is the distribution 
function corresponding to the limiting distribution of the sequence, and 
we shall briefly say that the sequence {Fn (x )} converges to the distribu¬ 
tion function F(x). 

We shall first show that the condition is necessary, and that the 
limit F{x) is the distribution function of the limiting distribution. 
Denoting as usual by Fn (<S) the probability function corresponding to 
Fn(x), we thus assume that Fn(S) tends to a probability function P(S) 
whenever is a continuity interval (f/, b) for P(S). Denoting by P'(x) 
the distribution function corresi>onding to we have to show that 

F,i (a:)F(, t), where x is an arbitrary continuity point of F(.x). Since 
P(K,) == 1, we can choose a continuity interval S — (a, ?/) including a; such 
that P(S) > 1 — £, whei^e £ > 0 is arbitrarily small. Then 1 — e < P(S) = 
^F(h) — F(a)^ 1 — F{a), sothatO ^ F(a) < f. Further, we have by hypo¬ 
thesis F„ (6) —F,, (a)-^F(b) — F(a) > 1 —so that for all sufficiently large n 
we have F„{6) - F„(a) > 1 - 2£, or 0 ^ F« (a) < p; (&) - 1 4-2£^2£. 
Since (a, x) is a continuity interval for P(iS), we have by hypothesis F„ [x) — 

Fn (a) F(x) — F(rt). For all sufficiently large n we thus have | Pn (x) — 
— F (x) — Fn (a) + F(a)| <€, and hence according to the above 
1 Fn(a:) —F(x) I < Since e is arbitrary, it follows that F„(x)--> 

Conversely, if we assume that F„(x) tends to a distribution function 
F(x) ill every continuity point of F(a;), and if we denote by P(S) the 
probability function corresponding to F(x), it immediately follows that 
Fn(6) —Fn(a) F(fe)~-P'(c/), i. e. that Pn (5)P(iS), whenever is a 
half-open continuity interval a<x^b for P(6'). Further, since F(a?) 
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is never decreasing and continuous for a and x^h, it follows 
that Fn (a — 0) -► F(d\ and Fn (6 —- 0) Z'’(6). Hence we obtain the same 
relation Pm( 5)-► P{/Si) whether the continuity interval 5 = (a, 6) is re¬ 
garded as closed, open or half-open. Thus the proposition is proved. 


In order to show by an example that a Hequence of distributiooe may converge 
withont converging 1o a distribution, we consider first tbe distribution which has the 
whole mass unit placed in the single point x = 0. Denoting the corresponding distri¬ 
bution fnnetion by f(.T), we have 


(6.7.1) 



for X < 0, 
for X ^ 0. 


Then e (x — a) is the distribution fnnetion of a distribution which has tbe whole moss 
unit placed in the point x ^ a. Consider now the sequence of distributions defined 
by tbe distribution functions — «(x —n), where n = 1, 2, .... Obviously this se¬ 

quence is convergent according to the above definition, since the moss contained in any finite 
interval tends to xero as n—The limiting set function is, however, identically 
equal to zero, and is thus not a probability function. When n—^ x, the mass in our 
distributions disappears, as it w*ere, towards + oo. 

It might perhaps be asked why, in our convergence definition, we should not re¬ 
quire that F(8) for every Borel set S. It is, however, easily shown that this 

would be a too restrictive definition. Consider, in fact, the sequence of distributions 
defined by the distribution functions f (x— 1/n), where n 1, 2, .... The n ; th distri¬ 
bution in this sequence has its whole mass unit placed in tbe point .r — 1/n. It is 
evident that any reasonable convergence definition must be such that this sequence 
converges to tbe distribution defined by (6.7.1), where the whole mass unit is placed 
in X 0. It is easily verified that the convergence definition given above satisfies 
this condition. If, on the other hand, we consider the set S containing the single 
point X = 0, our sequence gives {S )» 0 for every n, while for the limiting distri¬ 
bution we have P(5)=*l, so that F^iS) does certainly not tend to P{S). Accord¬ 
ingly the distribution function e(x--1/n) tends to £(x) in every continuity point of 
€(x), i. e. for any x 0, but not in the discontinuity point x —0. 


6.8. A convergence theorem. — A sequence of distribution func¬ 
tions 2^1 (a?), F, (a:), ... is said to be convergent, if there is a non-de¬ 
creasing function F(x) such that Fn(x)-*'F(x) in every continuity 
point of F(x). We then always have 0 ^ F(a5) ^ 1, but the example 
Fn(x) = €(x —w) considered in the preceding paragraph shows that F(x) 
is not necessarily a distribution function. Thus a sequence {FnCx)} 
may be convergent without converging to a distHhution function. — We 
shall now prove tbe following proposition that will be required in the 
sequel; Every sequence {F«(x)} of distribution functions contains a con- 
vergent sub sequence. The limit F(x) can always he determined so as to 
be evoytvkere continuous to the right. 
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Let r,. r,, ... be the enumerable (cf 2.2) set of all positire and 
negative rational numbers, including zero, and consider the sequence 
F, (rj, (rj, .... This is a bounded infinite sequence of real numbers, 
which by the Bolzano*Weierstrass theorem (2.2) has at least one limiting 
point. The sequence of numbers {Fn(r,)} thus always contains a con¬ 
vergent sub sequence. The same thing may also be expressed by saying 
that the sequence of functions {Fn(ir)] always contains a sub-sequence 
Z, convergent for the particular value = By the same argument, 
we find that contains a sub-sequence Z% convergent for a: = r, and 
for j: = Tj. Repeating the same procedure, we obtain successively the 
sub-sequences Zj, Z,, . . ., where Zn is a sub-sequence of Zm-i, and Z,» 
converges for the particular values 2 := r,, r*, ..., r^. Forming finally 
the »diagonal* sequence Z consisting of the first member of Zj, the 
second member of Zg, . .., it is readily seen that Z converges for every 
rational value of x. 

Let the members of Z be F„,(x), Fn,(ar), ..., and put 
lira Fn,. (r,) = c, (/ = 1, 2, .. .). 

i-*aD 

Then jc/} is a bounded sequence, and since every is a non-de¬ 
creasing function, it follows that we have ci^Ck as soon as 
Now we define a function F(x) by writing 

F(x) = lower bound of C| for all r< > x. 

It then follows directly from the definition that F(x) is a bounded 
non-decreasing function of x. It is also easily proved that F(x) is 
everywhere continuous to the right. We shall now sho# that in ever^' 
continuity j>oint of F(x) we have 

(6.8.1) lira F„^ (x) == F(x), 

so that the sub-sequence Z is convergent. 

If x is a continuity point of /’(x) we can, in fact, choon h>0 
such that the difference F(x + h)- F(x - h) is smaller than My jiren 
t > 0. Let n and > * be rational points situated in the oi)en intervals 
(x — h, x) and (x, x h) respectively, so that 

(6.8.2) F(x -h)^Ci^ F(x) S c* ^ F(x + A). 

Further, for every v we have 

(6.8.3) F», (n) ^ F„, (x) £ F,, (r»). 
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As V tends to infinity, and Fn^(r*) tend to the limits c/and c* 

respectively. The difference between these limits is, according^ to (6.8.2), 
smaller than s, and the quantity F(x) is included between d and Ck» 
Since e is arbitrary, it follows that Fn^(x) tends to F(a;). Thus the 
sub'Sequence Z is convergent, and our theorem is proved. 


CHAPTER 7. 

The Lebesgue-Stieltjes Integral for Functions of 
One Variable. 

7.1. The integral of a bounded function over a set of finite P- 
measure. — In the preceding chapter, we have seen that the theory 
of Lebesgue measure given in Ch. 4 may be generalized by the in¬ 
troduction of the concept of a general non-negative and additive P- 
measure. We now proceed to show that an exactly analogous gene¬ 
ralization may be applied to the theory of the Lebesgue integral 
developed in Ch, 5. 

Let us assume that a fixed P-measure is given. This measure may 
be defined by a non-negative and additive set function P(5), or by 
the corresponding non-decreasing point function F[x). We have seen 
in the preceding chapter that these two functions are perfectly equi¬ 
valent for the purpose of defining the P-mea.8ure. 

Let further g(x) be a given function of .t, defined and bounded 
for all X belonging to a given set S of finite P-measure. In the same 
way as in 5.1, we divide S into an arbitrary finite number of parts 
5,, . . ., Sn, no two of which have a common point. In the basic 

definition (5.1.1) of the Darboux sums, we now replace L-measure by 
/^-measure, and so obtain the generalized Darboux sums 

(7.1.1) P(Srh Z - 2 

I I 

where, as in the previous case, and Mv denote the lower and upper 
bounds of g{x) in S^. 

The further development is exactly analogous to 5.1. The upper 
bound of the set of all possible -r-values is called the lower integral of 
. 9 (. 2 ;) over S with resj)ect to the given P-measure, while the lower 
bound of the set of all possible Z-values is the corresponding upper 
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integral. As in 5.1 it is shown that the lower integral is at most equal 
to the upper integral. 

If the lower and upper integrals are equal, g(x) is said to be inie- 
grahU over S with respect to the given P-measttre, and the common value 
of the two integrals is called the Lehesgue-Stieltjea integral qf g (x) over 
S with respect to the given P-measure^ and is denoted by any of the 
two expressions 

fg(x)dP(S) = fg{x)dF[x). 

s s 

When there is no risk of a misunderstanding, we shall write simply 
(IP and dF instead of dP(iS) and Instead of integral or inte- 

grable with respect to the given Pmeasure^ we shall usually say with 
respect to P(S\ or with respect to F(x\ according as we consider the 
P-measure to be defined by P(S) or by F(a;). As long as we are 
dealing with functions of a single variable, we shall as a rule prefer 
to use F(x). 

In the particular case when F(x) = x, we have P(S) ^ L(S\ and 
it is evident that the above definition of the Lebesgue-Stieltjes integral 
reduces to the definition of the Lebesgue integral given in 5.1. Thus 
the Lebesgue-Stieltjes integral is obtained from the Lebesgue integral 
simply by replacing, in the definition of the integral, the Lebesgue 
measure by the more general P-measure. 

All properties of the Lebesgue integral deduced in 5.2 and 5.3 are 
now easily generalized to the Lebesgue-Stieltjes integral, no other 
modification of the proofs being required than the substitution of P- 
measure for L-measure. Thus we find that, if g (x) is bounded and 
P-measurable in a set iS of finite P-measure, then g(x) is integrable 
over S with respect to P(5). For bounded functions and sets of finite 
P-ineasure, we further obtain the following generalizations of relations 
deduced in 5.3: 

(7.1.2) / + gt{xD(lF= f gi(x)dF+ / (tt(x)dF, 

s s s 

(7.1.3) f cg{x)dF = ef g(x) dF, 

s s 

(7.1.4) mP(S)^fg(x)dFS MP(S), 

s 

(7.1.5) fg(x)dF^ / g{x)dF + fg(x)dF, 

s,+s, s. s. 
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(7.1.6) |/,,(a:)di<’|^/lj;(x)|rfF, 

S N 

where c is a constant, m and M denote the lower and upper bounds 
of g(x) in S, while and are two sets without common points. 
It follows from (7.1.4) that the integral of a bounded function over a 
set of P*measure zero is equal to zero. Thus the value of an integral 
is not affected if the values of the function g (.r) are arbitrarily changed 
over a set of P-measure zero. 

We also have the following proposition generalizing (5.3.6): If the 
sequence {pi (a:)} is uniformly bounded in S, and if lim < 7 ,. (a?) = (x) 

exists almost ereryirhere (P) in S, then 

(7.1.7) lim fff,.{a;)dF = fff{x)dF. 

« S .V 

The analogous generalizations of (5.3.7) and (5.3.8) are obtained in the 
same way as in 5.3. 

If (\ and Cg are non-negative constants, we easily deduce the fol¬ 
lowing relation, which has no analogue for the Lebesgue integral; 

f g(x}d(cil\ + riF,} = c,fg(x}dFj + c,j glxjdF^. 
s s > 

In the particular case when the set S consists of a single point 
Xq, we obtain directly from the deSnition 

jg(x)dF = g (.t#) P[x~ x#). 

(xasarj 

Consider now the case when F(x) is a step-function (cf 6.2) with 
steps of the height p,. in the points x = Xyy and denote the set of all 
points Xv by X. Using the fact that the integral over a set of P- 
measure zero is equal to zero, and the generalization of (5.3.8) men¬ 
tioned above, we then obtain 

(7.1.8) j g{x)dF== j g{x)dF='2i J 9(!>c)dF='^p,g(x,). 

s SM x^dS X^CS 

In the further particular case when g (as) = 1, we have 

j'dF=fdP=P(S). 
s s 


64 



7 . 1-2 


We shall often have to consider integrals, where the function 
is complex-valued^ say g[x) == a(a:) + tb(x), where a(x) and 6 (a:) are real 
and bounded in 5. We then define the integral by writing 

fg{x)dF= f a{x)dF + ifb(x)dF. 

8 S 8 

All properties deduced above extend themselves easily to integrals of 
this type. For the relation (7.1.6), this extension is a little less ob¬ 
vious than in the other cases, and will be shown here. Put 

/ g(x)dF 
8 

where r and v are real, and r ^ 0. The real part of the quantity 
1 (x?) 1 — p (a;) is always ^0. Consequently the real integral 

/ (\g(x)\’—e'~^^g(x))dF=^ f |^(a:)|dF—r 

= f\g(x)\dF-\fg{x)dF\ 

s .s 

is ^0, and this is equivalent to (7.1.6). 

7.2. Unbounded functions and sets of Infinite F- measure. — The 
extensions of the Lebesgue integral treated in 5.4 and 5.5 may be ap¬ 
plied in a perfectly analogous way to the Lebesgue-Stieltjes integral. 
In fact, every word and every formula of 5.4 and 5.5 hold good, if 
Lebesgue measure is throughout replaced by P-measure, and Lebesgue 
integrals are replaced by Lebesgue-Stieltjes integrals with respect to 
F(S) or F(x). 

Thus g(x) is called integrable with respect to P(5) — or Fi^x) — 
over a set S of finite P-measure, if the limit (cf 5.4.1) 

lim / ga.b(x)dP== fg{x}dP = fg{x)dF 

o-~oo ^ 5 

6 + 00 

exists and has a finite value. If this is the case, | ^ (a;) | is also integrable 
with respect to P over S. 

Further, when S is of infinite P-measure ^), p (x) is called integrable 
with respect to P — or F — over 5, if (cf 5.5) g{x) is integrable 

') In the case of a bounded P{S) (e. g. when P{S) is a probabilitj function, cf 
6.6) there are, of course, no sets of inSnite P-measure. 
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with respect to P — or P — over Sa,b for all a and 6, and if the 
limit 



exists and has a finite value. If this is the case, the limit (cf 5.5.1) 

(7.2.1) lim fg{x)dP=-f g(x)dF=‘f g{x)dF 

also exists and is finite, and we shall accordin^lj say that the Le- 
besgrue-Stieltjes integ^ral of g(x) with respect to P — or F — over 
the set S is convergent^). The limit (7.2.1) is then, by definition, the 
value of this integ^. — If |^(a;)| < G{x), where G(x) is integrable, 
then g(x) is itself integ^rable. 

The properties (7.1.2)—(7.1.6) of the Lebesgue-Stieltjes integnd hold 
true for any functions integrable with respect to the given P-measure. 
In the case of a set S of infinite P-measure the relation (7.1.4) should, 
however, be replaced by 

f g(x)d F ^0 if g (x) ^ 0 for all x in S. 

s 

We finally have the following generalization of the proposition 
expressed by (7.1.7): 1/ lim ^»(a:)=^(ar) exists cdmost everywhere (P)in 
the set S of finite or infinite P-measure^ and if | (x) | < G (x) for dll y 

and for all x in S, where G(x) is integrable with respect to F over 8, 
then g(x) is integrable with respect to F over /S, and 

(7.2.2) lim fg^(x)dF^fg(x)dF, 

The generalization of the above considerations to the case of inte¬ 
grals with a complex-valued function g(x) is obvious. 

In the particular case when F(x) = x all our theorems reduce, of 
course, to the corresponding theorems on ordinary Lebesgue integrals. 

7.3. Lebesgue-Stieltjes integrals with a parameter. — We shall 
often be concerned with integrals of the type 

— / 9 i?!, «)iF(ar). 

8 

With respect to the terminoloi^, the same remark should be made here as ia 
the case of (6.6.1). 
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where t is a parameter, while iS is a giren set of finite or infinite 
P-measure. We shall require certain theorems concerning continuity, 
differentiation and integration of such integrals with respect to t. In 
the particular case when P(x)==a:, these theorems reduce to theorems 
on Lebesgue integrals. 

We assume that g(x, t) is complex-valued and that, for every fixed 
t that will be considered, the real and imaginary parts are P-measur- 
able functions of x which are integrable over S with respect to F (a;). 
By Gi(x)y G^(x), ..., we denote functions which are integrable over 
with respect to F(a:). 

I) Continuity. — Ij\ for almost all (P) values of x in 5, the func- 
tion g(x, t) is continuous with respect to t in the point t^i^, and if 
for all t in some neighbourhood of t^, we have |p(aj, t)| < trj(a;), then «(f) 
is eontinuous for t = Iq, so that we have^) 

(7.3.1) litn (x, t)dF{x) = f g(x, <*) dF(x). 

s S 


This is a direct corollary of (7.2.2). For any sequence of values 
tj, tf, . . ., belssiiging to the given neighbourhood and tending to 
the conditions of (7^r2) are, in fact, satisfied if we take pv(x) = p(ar, U) 
and g(x) = g(A to). ^Thua by (7.2.2) we have u(f,)M(fo), and it fol¬ 
lows that the same relation holds when t tends continuously to Iq. — 
When the conditions of 1) are satisfied for all tp in the open interval 
(a, b), it is seen that t<(f) is continuous in the whole interval. 

II) Differentiation. — If for almost all (P) values of x in S and for 
a fixed value of f, the following conditions are satisfied: 

d 

1) The pa7‘tial derivative — ■ exists, 


2) We have 


g{x, t -f h) — g(x, <) 
h 


is independent of x, then 


< Gf (a:) for 0 < | /i| < /iq, where ho 


(7.3.2) .i' (t) =- ~f 9 t)dF{x)=^j ^ d F (*). 

s s 


Like the preceding proposition, this is a direct corollary of (7.2.2). 
For any sequence h|, h,,..., where \hv\ < K and ht, tends to sero, the 
conditions of (7.2.2) are satisfied if we take 


The theorem holds, with the seme proof, even if t^ is replaced by x or — «. 
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h>v 


dg(x, t) 
dt 


Thus 


^ J g>.^ . ± * )-.yi? . -<) df(^) ^ J £^rfm 

80 that the derivative u(t) exists and has the value given by (7.3.2). 
We remark that, if the partial derivative ~ exists and satisfies the 


dg(xj) 
canditton —r-— 
dt 

from the relation 


< GtbM /o>* t in the open interval (fl, 6 ), it follotcs 


g(x, t + h) — g{x,t)=‘h(O<0< 1 ), 


that (7.3.2) holds for all t in (a, 6 ). 

Note that the condition 2) of II) is not satisfied e. g. if we take F{x) z, 
5 n (— 00 , + oo), and 

J-» for X ^ t, 




for X < t. 


In this case we have 


«(0 = f g(^>t)dz=‘ J c^”*djc=l, 

-« t 

and the application of (7.3.2) would give 

00 00 

«'(0 = 


which is obviously false. The correct way of calculating tV (t) is here, of course, to 
take account of the variable lower limit of the integral, thus obtaining 

w'(f)*/c^-*dx-l*0. 

t 


III) Integration. — If for almost all (P) values of x in S, the func¬ 
tion g (a:, /) is continuous with respect to t in the finite open interval (a, 6 ) 
and satisfies the condition #)|< (^ 4 ( 0 :) /w all t in (a, 6 ), then 


(7.3.3) 


h h 

fu(t)dt^f[f 9 (x,t)dF(x)]dt 

a as 

= f[lg(x,t)di\dF{x). 

N a 
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Further, if the above conditions are satisfied for every finite interval 

(a,h) and if, in addition, tee have j\g[x,t)\dt< Gj(x), 

— 00 

CD «0 

(7.3.4) / u («) d t = /[/<? (x, <) d«] d F(x). 

— 00 5 —00 

We consider first the case of a finite interval (a, h). For almost 
all (P) values of x in S, the integral 

t 

h(x,t) = f g{x,z)dx 

a 

has, by (5.1.4), for all t in (a,h) the partial derivate ^y -== (; (x, 

so that we have | —j < (x). Further | A (a?, ^) | < (A — • a) (x), 

so that h(x,t) is integrable over S with respect to F(x). Writing 

t;(0 = / h^x,t)dF(x), 
s 

we may now apply the remark to theorem II), and find 

V {t)=== f g (x, t)dF(x) ==-u (t), 
s 

By I), the function u(t) is continuous in {a,h), so that the difference 

t 

^(t) = f u(T)dT — V(f) 
a 

has a derivative /d' (<) = u (<) — v' (0 = Q. For f a, we have li (x, a) == 0, 
i;(a) == 0, and thus J(a) == 0. It follows that ^(f) = 0 for t 
and thus in particular ^/(6) = 0, which is identical with (7.3.3). 

When the conditions of the second part of the theorem are satis¬ 
fied, (7.3.3) holds for any finite (a, 6), and we have 

*) It is evident how the conditions should be modified when we want to integrate 
u(0 over (a, oo) or (— «, 6). 
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f\u{t)\dtsf[f\g{x,t)\<!F(x)]dt‘=‘f[f\g(x,t)\dt]dF(x) 
a n .s d a 

S / G,{x)dF(x). 

OO 

Thus the integral flu(t}ldt it convergent. If, in the relation (7.3.3), 

we allow a and b to tend to — oo and + oo respectively, it follows 
that the first member tends to the first member of (7.3.4). An app¬ 
lication of (7.2.2) shows that, at the same time, the second member 
of (7.3.3) tends to the second member of (7.3.4). Thus (7.3.4) is proved. 

The theorems proved in this paragraph show that, subject to 
certain conditions, analytical operations such as limit passages, differ¬ 
entiations and integrations with respect to a parameter may be per¬ 
formed under a sign of integration, 

7.4. Lebesgue-Stieltjes Integrals with respect to a distribution. 

— If P(S) is the probability function of a distribution (cf 6.6), the 
integral 

(7.4.1) jg(x)dP=-Jg[x)dP^j9(x)dF 

Jf, 

may be concretely, though somewhat vaguely, interpreted as a weighted 
mean of the values of g[x) for all values of the weights being 
furnished by the mass quantities dP ox dF situated in the neigh¬ 
bourhood of each point x. The sum of all weights is unity, since we 
have 

/ dP-- / dF=P(Kj)= 1. 


Every bounded and P-measurable g (x) is integrable with respect to P 
(or P) over (— <», <«). 

If the mass distribution is represented as the sum of two com¬ 
ponents according to (6.6.2), the integral (7.4.1) becomes 

« oo 

/ y(x)dF=‘et / g(x)dFi + c, / 


where the first term of the second member reduces to a sum over the 
discrete mass points of the distribution, as shown in (7.1.8). 
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If, for a poiitire intej^er v, the function x* is integrable with 
respect to F(x) over (— 00 , 00 ), the integrral 

QD 

a* = J x*'dF(x) 

— OB 

is called the moment of order v, or simply the v.th moment, of the 
distribution, and we say that the r:th moment exists. It is then easily 
seen that any moment of order v <v also exists. 

It is known from elementary mechanics that the first order moment 
a| is the abscissa of the centre of gravity of the mass in the distribu¬ 
tion, while the second order moment represents the moment of 
inertia of the mass with respect to a perpendicular axis throu^^h 
the point a; = 0. — The moments of a distribution will play an 
important part in the applications made later in this book. 

ir, for aonie jlc > 0, the diatribotion function F{t) aatiaflea the conditions (with 
respect to the notations, cf 12.1) 

F{x) ^ 0 (| a* |-*) when x — — ®, 

1 — F(x)« 0(x~*) when x-* + 

then any moment of order v < k exists. In order to prove this, it is according to 
7.2 sofSeient to show that the integral of jxl* with respect to i^(x)over an interval 
(a, b) is less than a constant independent ot a and b. Now we have by hypothesis 

r 

J I X I- rf F{x) % V(F(V) - Fi,2 '-')) 

where C is independent of r, and a similar relation for the integral over (— 2^, — 2’’*'0 
Summing over r — 1, 2, . . . and adding the integral over (— 1, 1), which is j, we 
And for any interval (a, 6) 

h 

f lxl^dF(x)<l+^~. 

a 

and thus the v:th moment exists. 

7.5. The Rieinann-Stieltjee integral. ~ Consider the Lebesgue 
Stieltjes integral 

(7.5.1) fff(x)dF{x} 

/ 

in the particular case when / is a finite half-open interval 
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I^(a<x^h\ 

while ^(x) is eontimions in I and tends to a finite limit as a? a + 0. 

We divide / in n snb-intervals u ^ <x by means of 
the points 

a « a?o < < ■ < aJn = ft 

and consider the Darbonx sums (7.1.1) which correspond to the divi¬ 
sion J *= I’l —h In. We then obtain 

(7.5.2) * 

X = 2 [F(a;J — F(x»-i)], 

1 

and Jf, being the lower and upper bounds of g(x) in u. Now 
let s > 0 be given. By hypothesis we can then find 3 such that 
Mp — m« < s as soon as :r» — Xp^i < d. Choosing n and the Xp such 
that Xp *— Xp^t < 3 for ail p, we then have 

Z-x<s[F(ft)-F(fl)]. 

Thus when n tends to infinity, and at the same time the maaimum 
length of the sub-intervals tends to zero, Z and r tend to a common 
limit which must be equal to the integral (7.5.1): 

b 

(7.5.3) lim Z « lim S’ = / (x) d F(x). 

A-, to n-* «o g 

Thus in the particular case here considered the simple expression 

(7.5.2) of the Darboux sums is sufficient to determine the value of 
the Lebesgue-Stieljes integral. If we put F(x) = Xy these expressions 
become identical with the Darboux sums considered in the theory of 
the ordinary Riemann integral. Accordingly, the integral defined by 

(7.5.3) is called a Riemann-Stieltjes integt^al. It follows from the above 
that, when this integral exists, it always has the same value as the 
corresponding Lebesgue-Stieltjes integral. 

If, in every sub-interval ip, we take an arbitrary point Sp, we 
obviously have 

(7.6.4) Urn 2 9 (W = fff (x) d F(x), 

**“*• 1 n 

since the sum in the first member is included between e and Z. 
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The Riemann-Stieltjes integral (7.5.3) exists even in the more 
general case when g(x) is bounded in (a,h) and has at most a finite 
number of discontinuitj points r*, provided that F(x) is continuous In 
every i\. We can, in fact, then surround each r* by a sub-interval /, 
which gives an arbitrarily small contribution to the sums e and Z. 

In the particular case when JP(a:) is continuous everywhere in (a, b) 
and has a continuous derivative F'[x), except at most in a finite 
number of points, we have for every iv not containing any of the 
exceptional points 

F(x^) — jF(a:v-i) = (x, — Xv-i) F* (§»), 

where 5* a point belonging to i^. By means of (7.5.4) it follows 
that in this case the integral (7.5.3) reduces to an ordinary Riemann 
integral: 

(7.5.5) / g(x)dF(v)=^ ] g(x) F'{x)dx. 

a a 

All these properties immediately extend themselves to the case of 
a complex-valued function g(x), and also to infinite intervals (a,h) 
subject to the condition that g (j:) is integrable over (a, h) with respect 
to A^(a:). If this condition is satisfied, we have e.g. the following 
generalization of (7,5.4): 

(7.5.6) lim y g (|.) [F(x.) - F(x,-i)\ = 1 g{x)d F{x), 


where as before the maximum length of the sub-intervals (a:*-!,^,) 
tends to zero as n oo, while at the same time Xq—Q o and 

30 . 

Suppose now that two non-decreasing functions F{x) and G(x) 
are given, which are both continuous in the closed interval (n, fc), ex¬ 
cept at most for a finite number of discontinuity points, which are 
all inner points of («, 6). We further suppose that no point in (a, h) 
is a discontinuity point for both functions F and G. Choosing the 
sub-intervals so that no is a discontinuity point, we then have 

F(b) G (b) - F(a) G(a) = ^ ^ ^ “ F{x.^,) G (:r.-i)l 

= 2 F{x,) [G (x.) - G (x.-,)] + 26’ (X.-,) [/’(x.) - F{x ,-,)\. 

1 1 
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The two terms in the last expression are included between the lower 
and upper Darboux sums corresponding to the integrals fFdO and 
f GdF respectirelj. Passing to the limit, we thus obtain the formula 
of partial integration : 

h h h 

(7.5.7) fd{FG) = fFdG + fGdF. 

A a (( 

Finally, we consider a sequence of distribution functions (cf 6.7) 
Fi(x\ Ff[x)^ . . which conrerge to a non-decreasing function F(x) 
in every continuity point of the latter. (By 6.7, the limit F(a:)i8not 
necessarily a distribution function.) Let ^ (a?) be everywhere continuous. 
For any finite interval (a, h) such that a and h are continuity points 
of iP(:r), an inspection of the Darboux sums that determine the inte¬ 
grals then shows that we have 

(7.5.8) Hm /^(a;)dF,(x) = /^(x)dF(x). 

a a 

Suppose further that, to any £ > 0, we can find A such that 
/|j(x)|d2i;(x) + /|p(x)|diF’,(x)< * 

-• A 

for n==l, 2, . . . We may then always choose A such that F(x) is 
continuous for x^A, and by means of (7.5.8) we find that 

/ ^(*)Irfi^«(*) —/!?(*)|<i^’(») 

A A 

where B > A is another continuity point of JP(x). Thus the last 
integral is ^ £ for any B> A, and for the integral over ( — .B, — .4) 
there is a corresponding relation. It follows that g(x) is integrable 
over (—00, 00 ) with respect to F(x). If, in (7.5.8), we take «== —.d 
and A, each integral will differ by at most 2£ from the cor¬ 

responding integral over (— oo, oo). Since £ is arbitrary, we then have 

«o oe 

(7.5.9) lim f g(x)dFn(x)^ f g (x) dF(x). 

* — flO — 0* 


This relation is immediately extended to complex-valued functions p(x). 
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References to chapters 4-—7. — The classical theory of integration received 
its final form in a famous paper by Riemann (1864). About 1900, the theory of the 
measure of sets of points was founded by Borel and Lebesgue, and the latter intro¬ 
duced the concept of integral which bears his name. The integral with respect to a 
non-decreasing function F{x) had been considered already in 1894 by Stieltjes, and 
in 1913 Radon (Ref. 206) investigated the general properties of additive set functions, 
and the theory of integration with respect to such functions. 

There are a great number of treatises on modern integration theory. The reader 
is particularly referred to the books of Lebesgue himself (Ref. 28), de la Vallee Pous¬ 
sin (Ref. 40) and Saks (Ref. 23). De la Vallee Poussin gives an excellent introduction 
to the theory of the lebesgue integral, and contains also some chapters on additive 
set functions, while the two other books go deeper into the more difficult parts of 
the theory. 
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CHAPTER 8. 

Lebesgue Measure and other Additive Set Functions in R„. 

8 .1. Lebesgue measure in An. — The elementary measure of 
extension of a one-dimensional interval is the length of the interval. 
The corresponding measure for a two-dimensional interval (cf 3.1) is 
the area, and for a three-dimensional interval the volume of the interval. 

Generally, if i denotes the finite n-dimensional interval defined by 
the inequalities 

fl* ^ ^ h, [v = 1, 2, . . ., w), 

we shall deBne the n-dimcnsional volume of the interval i as the non¬ 
negative quantity 

L (0 = n ~ 

1 

For an open or half-open interval with the same extremes Qv and 
the volume will be the same as in the case of the closed interval. 
A degenerate interval has always the volume zero. For an infinite 
non-degenerate interval, we put oo. 

The Borel lemma (cf 4.1) is directly extended to n dimensions, and 
by an easy generalization of the proof of (4.1.1) we find that L[i] is 
an additive function of the interval. 

In the same way as in 4.2, we now ask if a measure with the 
same fundamental properties as L(i) can be deBned even for a more 
general class of sets than intervals. — We thus want to find a non¬ 
negative and additive set function L[S), defined for all Borel sets 
in Rn, and taking the value L[i) as soon as S is an interval i. In 
4.3—4.7, we have given a detailed treatment of this problem in the 
case \, and we have seen that there is a unique solution, viz. 
the Lebesgue measure in R^. The case of a general n requires no 
modification whatever. Every word and every formula of 4.3—4.7 
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hold true, if linear sets are throughout replaced by n-dimensional 
ones, and the length of a linear interval is replaced by the w-dimen 
sional volume. 

It thus follows that there is a non negative and additive set function 
L(5), uniquely defined for all Borel sets S in Rn and such that, in the 
particular case when S is an interval, L (S) is equal to the n-dimensional 
volume of the interval. L(S) is called the n-dimensional Lebesgue measured) 
of S. 


8.2. Non-negative additive set functions in Rn. — In the same 
way as in the one-dimensional case, we may also for 72 > 1 consider 
non-negative and additive set functions P(S) of a more general kind 
than the n-diinensional Lebesgue measure L(S). 

We shall consider set functions P(5) defined for all Borel sets S 
in Rn and satisfying the conditions A)—C) of 6.2. It is immediately 
seen that these conditions do not contain any reference to the number 
of dimensions. The relations (6.2.1)—(6.2.3) then obviously hold for 
any number of dimensions. 

With any set function P(S) of this type we may associate a point 
function F(x) ^ F(xi, . . Xn), in a similar way as shown by (6.2.4) 
for the one-dimensional case. The direct generalization of (6.2.4) is. 
however, somewhat cumbersome for a general n, and we shall content 
ourselves to develop the formulae for the particular case of a bounded 
P[S), where the definition of the associated point function may be 
simplified in the way shown for the one-dimen.sional case by (6.5.1). 
This will be done in the following paragraph. 

As in the case 72 = 1, any non-negative and additive set function 
P(S) in Rn defines an 7/-dimensional P-measure of the set S. which 
constitutes a generalization of the 77 dimensional Lebesgue measure 
L[S). The remarks of 6.4 on sets of P-measure zero apply to sets in 
any number of dimensions. 

*) In order to be quite precise, we ought to adopt a notation showing explicitly 
the number of dimensions, e. g. by writing Lnifi) instead of LiS). There should, 
however, be no risk of misunderstanding, if it is always borne in mind that the 
measure of a given point set is relative to the space in which it is considered. Thus 
if we consider e. g. the interval (0,1) on a straight line as a set of points in Kj, its 
(one-dimensional) measure has the value 1. If, on the other hand, we take the line 
ns x-axis in a plane, and consider the same interval as a set of points in R 2 , we are 
concerned with a degenerate interval, the (two-dimensional) measure of which is 
equal to zero. 
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8.3. Bounded tet ftmcttoiie. — When P{Rn) !• finite, we shall say 
(of 6.5) that P(S) is bounded. We have then always P{8) ^ P(^)- 
For a bounded P(iS') we define, in generalization of (6.5.1): 

(8.3.1) F(») - F(x, . Xn) ^P(Si^ X, . Xn). 

Evidently F(js) is, in each variable a non-deoreasingf function which 
is everywhere continuous to the right, and we have for all x (cf 6.5.2) 

O^F(x)^P(R^). 

In the one-dimensional case, the value of P(iS) for a half-open 
interval defined by a < x ^ a + h is, by (6.2.5), given by a first 
order difference of P(x)- 

P(i,) = JF(a) = F(a + h) - F(a). 

This formula may be generalized to the case of an arbitrary n. Con¬ 
sider first a set function P(S) in It,, and a two-dimensional interval 
»a defined by < X| ^ Oi + h|, o, < x, ^ a, + h,. We then have 

(8.3.2) P(i,) = zf.F(a„a,) 

F(ai + hit a, + h,) — P(a„a, + h,) — F(ai -f hj, a,) + F(ait a,). 

This will be clear from Fig. 2. If JIf],. .., are the values assumed 
by P(S) for each of the rectangular domains indicated in the figure, 
the additire property of P(S) gives 

M^^(Mi + iff, + Jf, + -af4)-(Jlf, + + JIf.) + Mit 

and according to the definition (8.3.1) of P(x). this is identical with 

(8.3.2) . 



Fig. 2. Set fuBctions find point fnnctlont in It,. 
78 



8.3 


The fifeneralization to an arbitrary n is immediate. If P(S) is a 
set function and if in is the half-opeii interval defined bv 
(tv < .'XV ^ rtv -f hr for r = 1, 2, . . we have 

ftn) 

V{a^ + /ij, . . -f /l„) 

— + /i„ . . a,. + /?„) 

-- — + Aj, . . a„., + «„) 


-f (- . . .,^/n). 

To any bounded J^(S) in H,,, there thus corresponds a point function 
F(Xi, . . jTu) which, in each Xv, is non-decreasing and continuous to 
the right, and is such that the with difference ^nF defined by (K..‘1.3) 
is always non-negative. — Conversely, a generalization of the argu¬ 
ment of G.3 shows that any given F with these properties uniquely 
determines a set function P(S) satisfying the conditions A)—C) of 
6.2, which for any interval in assumes the value given by (8.3.3). 

When one of the variables in F, say Xv, tends to — oo, while all 
the others remain fixed, it is shown as in 6.5 that F' tends to zero. 
Similarly, when all the Xy tend simultaneously to +»,/'’ tends to 

P(H»). 

When all the variables in F except one, say Xv, tend to + x . 
F will tend to a limit, which is a bounded non-decreasing function 
of the remaining variable Xy. By 6.2, the function Fy(xy) has 
at most an enumerable number of discontinuity points Sy, Sy, . . . Let 
us consider these as excluded values for the variable cr,, which is thus 
only allowed to assume values different from ... In the same 

way, each variable .... Xn has its own finite or enumerable set of 
excluded values. — For any non excluded •point * = (ir,, . . ., 0 ^, 1 ), the 
function F is continuous. This follows from the inequality 

|F(* + h)- F(*)| g F(x + |A|) - /'•(* - 1*1) S 

n 


P(4) = 
(8.3.3) 
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where /b = (/«,, . . hn) is an arbitrary point, while |fc| denotes here 
the point (|^i|, . . |^n|)> and the sums and differences x h etc. are 
formed according^ to the rules of vector addition (cf 11.1—11.2). An 
inspection of Figf. 2 will help to make this inequality clear. 

An fi dimensional interval such that none of the extremes Op and 
hr is an excluded value for the corresponding variable Xp is called a 
continuity interval oi P(5). The value assumed by P(S) when S is u 
continuity interval will obviously change in a continuous way for 
small variations in the and hr. If two bounded set functions in 
jRn agree for all intervals that are continuity intervals for both, it 
follows (cf 6.7) that the set functions are identical. 

8.4. Distributions. — Non negative and additive set functions P(/6>) 
such that P(Rn) == 1 pl&yi like the corresponding one-dimensional func¬ 
tions (cf 6.6), a fundamental part in the applications. By the preceding 
paragraph, the point function P(x) associated with a set function 
P(S) of this class satisfies the relations 

F(x) = P(;f„ . . ., Xn) ^ P(?, ^ ...,£«< Xni 

(8.4.1) 

F(— x>,Xt, .. ., x„) = - -=F(x„ . . ., x„-i, — <») = 0. 

F{+ QC, . . ., + «3)= 1. 

As in the one-dimensional case, the functions P{S) and F{x) will 
be interpreted by means of a distribution of a unit of mass over the 
space Art, such that every Borel set S carries the mass P(S). As in 
6 .6, we are at liberty to define the distribution either by the set func¬ 
tion P(S) or by the corresponding point function F(»), which represents 
the quantity of mass allotted to the infinite interval S Xj, . . ., ^ 

The difference between these two equivalent modes of definition is, 
of course, only formal, and it will be a matter of convenience to 
decide which of them should be used in a given case. — As in 6.6, 
P(5) will be called the probability function, and F[x) the distribution 
function of the distribution. 

Thus a distribution function is a function P(«) = F(x^, . . ., x^) 
which, in each Xp, is non-decreasing and everywhere continuous to the 
right, and is such that the ? 2 :th difference as defined by (8.3.3) is al¬ 
ways non-negative. Conversely, it follows from the preceding paragraph 
that any given F with these properties is the distribution function 
of a uniquely determined distribution in A^. 
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If the set which consists of the single point x ^ a carries a posi* 
tive quantity of mass, a is a discrete mass point of the distribution. 
The set of all discrete mass points of a distribution is enumerable, 
as we find by a direct generalization of the corresponding proof in 
6.2. Obviously any discrete mass point a is a discontinuity point for 
the distribution function F. In the case n = 1 we have seen in 6.6 
that, conversely, F is continuous in all points * except the discrete 
mass points. This is generally not true when w > 1. In fact, in a 
multi-dimensional space the mass may be distributed on lines, surfaces 
or hypersurfaces in such a way that there is no single point carrying 
a positive quantity of mass, while still F may be discontinuous in 
certain points. In the preceding paragraph we have, however, seen 
that it is possible to exclude certain values for each variable a*,., so 
that the function F will be continuous in all »non-excluded» points. 

Consider e. g. a distribution of a mass unit vvith uniform density over tbe inter¬ 
val (0,1) of the rs-axis in the plane of tbe variables X|, Xg. Obviously this distribu¬ 
tion has no discrete mass points, and still tbe corresponding distribution function 
Xa) is discontinuous in every point (0, or^) with > 0. Accordingly it will be 
seen that the function Fi (xj) = lim F[xi, x%) discussed in tbe preceding paragraph 

Xf— -f-oo 

is here discontinuous for Xi — 0, which is the only »exclnded» value for Xj. For Xf 
there are no excluded values, and accordingly F{xi, Xf) is continuous in any point 
(xi, xi) with Xi 7^ 0. 

We further see that any distribution in Rn can be uniquely re¬ 
presented in the form ( 6 . 6 . 2 ), as the sum of two components, the first 
of which corresponds to a distribution with its whole mass concen¬ 
trated in discrete mass points, while the second component corresponds 
to a distribution without discrete mass points. It follows from the 
above that, when n > 1 , we cannot assert that the distribution func¬ 
tion Ff of the second component is everywhere continuous. 

Let / denote the dimensional interval defined by 

x\ — //» < ^ 

for r = 1 , 2, . . The ratio 

P{1)^ JnF ^ 

L(I) '2-h,h, hn 

where the difference F is defined as in (8.3.3), represents the average 
density of the mass in the interval /. If the partial derivative 

0^ F 

/(.Xj, . . ., 2n) dXydx^ dXn 
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•lists, the average density will tend to this value as all the K tend 
to zero, and accordingly f(x^, . . o^n) represents the density of mass 
at the point x. As in the one dimensional case, this function will be 
called the probability density or the frequency function of the distribution. 

Let be the distribution function of a given distribution. 

When all the variables except tend to + oo, F will (cf 8.3) tend to 
a limit F^ix^) which is a distribution function in x^. We have, e. g., 
Fi(x,) == F(a:|, 4- oo, . . + oo). The function F»(a:») defines a one- 

dimensional distribution, which will be called the marginal distribution 
of Xv, We may obtain a concrete representation of this marginal 
distribution by allowing every mass particle in the original ra-dimen- 
sional distribution to move in a direction perpendicular to the axis 
of 07*, until it arrives at a point of this axis. When, finally, the whole 
mass is in this way projected on the axis of a?,., a one-dimensional 
distribution is generated on the axis, and this is the marginal distri¬ 
bution of x^. Each variable x^ has, of course, its own marginal distri¬ 
bution, that may be different from the marginal distributions of the 
other variables. 

Let us now take any group of h < n variables, say 07^, . . xji>, and 
allow the n — h remaining variables to tend to 4* <x>. Then F will 
tend to a distribution function in Xj, . . ., xu, which defines the hdi- 
mensional marginal distribution of this group of variables. The distribu¬ 
tion may be concretely represented by a projection of the mass in 
the original n-dimensional distribution on the ^-dimensional subspace 
(cf 3.5) of the variables x,, . . ., x*. — Let P be the probability func¬ 
tion of the n-dimensional distribution, while Pi_ ,k is the probability 

function of the marginal distribution of Xj, . . ., Xi-. Let, further, 
denote any set in the A^-dimensional subspace of X|, . . ., xi-, while S 
is the cylinder set (cf 3.5) of all points * in Rn that are projected on 
the subspace in a point belonging to S'. Obviously we then have 

(8.4.2) Pi.*(5') = P(S), 

which is the analytical expression of the projection of the mass in 
the original n-dimensional distribution on the A:-dimensional subspace 
of the variables Xj, . . ., x*. 

The theory of distributions in Rn will be further developed in 
Chs. 21—24. 

8.5. Sequences of distributions. — As in the one-dimensional case 
(cf 6.7), we shall say that a sequence of distributions in Rn is con- 
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vergent, when the corresponding probability functions converge to a 
non-negative and additive set function P(S), in every continuity inter¬ 
val of the latter. If, in addition, the limit P(<S) is a probability func¬ 
tion, i. e. if P(Rn)=^ 1, we shall say that the sequence converges to a 
distribution. From the point of view of the applications, it is generally 
only the latter mode of convergence that is important. 

For a sequ«DC6 'which is convergent without converging to a distribution, we 
have P{Rn) < 1, which may be interpreted (cf the example discussed in 6.7) by saying 
that a certain part of the mass in our distributions ^escapes towards infiDiiy>» when 
we pass to the limit. 

A straightforward generalization of 6.7 will show that a sequence 
of distributions converges to a distribution when and only when 
the corresponding distribution functions P|, . . . tend to a distribu¬ 

tion function F in all »nojo-excluded» (cf 8.3) points of the latter. 
A further criterion for deciding whether a given sequence of distribu¬ 
tions converges to a distribution or not will be given in 10.7. 

As in 6.8, we shall further say that a sequence of distribution 
functions F^, F,, ... is convergent, if there is a function F, non¬ 
decreasing in each a;*, such that Fn F in every »non-excluded>' point 
of F. We then always have O^F^ 1, but according to the above 
F is not necessarily a distribution function. We then have the fol¬ 
lowing generalization of the proposition proved in 6.8 for the one¬ 
dimensional case: Every sequence of distribution functions contains a 
convergent suh-sequence. — This may be proved by a fairly straight¬ 
forward generalization of the proof in 6.8, and we shall not give the 
proof here. 

8.6. Distributions in a product space. — Consider two spaces 
and H,,, with the variable points x (x,, . . ., a’m) and y == . . ., 

respectively. Suppose that in each space a distribution is given, and 
let P} and P\ denote the probability function and the distribution 
function of the distribution in Rm, while P^ and F, have the analogous 
significance for the distribution in R^. 

In the product space (cf 3.5) Rm * Rn of m 4- n dimensions, we denote 
the variable point by a = (*,y) *= (x„ . . ., Xm, yi, • • yn). If and -S', 
are sets in Rm and Rn respectively, we denote by S the rectangle set 
(cf 3.5) of all points a = (a,yr) in the product space such that x < Si 
and y < 5,. 

It is almost evident that we can always find an infinite number 
of distributions in the product space, such that for each of them the 
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marginal distributions (cf 8.4) corresponding to the snbspaces Rm and 
Rn coincide with the two given distributions in these spaces. Among 
these distributions in the product space we shall particularly note 
one, which is of special importance for the applications. This is the 
distribution given by the following theorem. 

Thefe is one and only one diatrihuiion in the prodnCt space Rm • 
such that 

(8.6.1) P(5) = P,(5,)P,(5,) 

for all rectangle sets S defined by the relations x C and y C S^. This 
is the distnbution defined by the distribution function 

8.6.2) F(n)=^F,(x)F,(y) 

fm* all points x == (x^y). 

We first observe that F(a) as given by (8.6.2) is certainly a distri¬ 
bution function in Km * Rn, since it satisfies the characteristic properties 
of a distribution function given in 8.4. Consider now the distribution 
defined by F(x). By means of (8.3.3) it follows that we have 

P(/) = P,(/,)P,(/,) 

for any half open interval / = (/j, /,) defined by inequalities of the 
type Ov < ^ K, Cy < ^ dw. Now any Borel set Si may be formed 

from intervals by repetitions of the operations of addition and sub¬ 
traction. (By (1.3.1), the operation of multiplication may be reduced 
to additions and subtractions.) By the additive property of P,, it 
follows that for any rectangle set of the form 5 = (5,, /,) we have 

P(S)^Pi(S,)P,(I,). 

and finally we obtain (8.6,1) by operating in the same way on inter¬ 
vals /g. — On the other hand, any distribution satisfying (8.6.1) also 
satisfies (8.6.2), the latter relation being, in fact, merely a particular 
case of the former. Since a distribution is uniquely determined by 
its distribution function, there can thus be only one distribution 
satisfying (8.6.1). 

If, in (8.6.1), we put -S', = H„, it follows from (8.4.2) that the mar¬ 
ginal distribution corresponding to the subspace Rm coincides with the 
given distribution in this space, with the probability function P,. 
Similarly, by putting = Km, we find that the marginal distribution 
in Rn coincides with the given distribution in this space. 
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We finally remark that the theorem may be g:eneralized to distribu¬ 
tions in the product space of any number of spaces. Tiie proof is 
quite similar to the above, and the relations (8.6.1) and (8.6.2) are 
replaced by the obvious generalizations 

P - P, P* . . . P, and F F, F, . Fk 

CHAPTER 9. 

The Lebesgue-Stieltjes Integral for Functions 
OF n Variables. 

9.1. The Lebesgue-Stieltjes Integral. — The theory of the Lebesgue 
Stieltjes integral for functions of one variable developed in Ch. 7 may 
be directly generalized to functions of n variables. If. in the ex pres 
sions (7.1.1) of the Darboux sums, we allow P{S) to denote a ,non 
negative and additive set function in Rn, while ni, and .1/, are the 
lower and upper bounds of a given function .9(■«)“(/(r,. . . x,,] in 

the n-dimensional set S,, the Lehesgue StieItjes integral 

j g[x)(i P — ^ g[x^ . Vn)dP 

S vS 

is defined in the same way as in the one dimensional case. 

The function g[x] is said to be P measurable in the set 5 if the 
subset of all points x in S such that g(x) ^ k is a Horel set for every 
real value of k. All remarks on P measurable functions given in 5.2 
extend themselves without difficulty to functions of n variables. 

If g[x) is bounded and P measurable in a set -S’ of finite P-measure. 
it is integrable over 5 with respect to P. The definitions of integral 
and integrability in the case of an unbounded function g(x)^ and a 
set S of infinite P-rneasure, require only a straightforward generaliza¬ 
tion of 7.2. All properties of the integral mentioned in 7.1—7.3 
readily extend themselves to the case of n variables, all proofs being 
strictly analogous to those given in the case w 1. 

In the particular case when P(S) la the w dimensional Lebesgue 
measure Z/(iS), we obtain the Lebesgue integral of the function g(x], 
which is also often written in the ordinary multiple integral notation 

f tj(x)dL = J . xjdx, . . di:„. 

s s 
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9.1-2 


If S if an interfal, and g(*) is integrable in the Biemann sense 
over the interral, the Lebesgne integral coincides with the ordinary 
multiple Biemann integr^, as we have observed for the one-dimen- 
sionsl case in 5.1. 

9.2. Lebesgue-Stielljes integrals with respect to a distribution. — 
The remarks made on this subject in 7.4 evidently apply also in the 
case n > 1. 

The moments of a distribution in An are the integrals 

x^ . . . d P, 

where the vt are non>negative integers. As in the one-dimensional 
case, we shall say that the above moment existSy whenever the function 
Ib integrable over An with respect to P. 

We shall now consider the integral 

(9.2.1) . . ., X.) dP 

in the case when the function g only depends on a certain number 
of the variables, say Xi, . . ar*, where k <n. We denote by A^ 
the A:-dimensional subspace of these variables. Let us first assume g 
bounded, and consider the divisions 

A* = 

An = H--f Sq, 

where the are Borel sets in Ru such that 5^ = 0 for fi ^ v, 

while denotes the cylinder set (cf 3.5) in An which has the base 
The upper Darboux sum 

MqP(Sq) 

corresponding to the integral (9.2.1) is then by (8.4.2) identical with 
the sum 

.* (S;) + • + Pi..:* [Sq\ 

where Pi. k denotes the probability function of the marginal distri¬ 

bution of the variables x,, . . ., xt. This is, however, the upper Dar¬ 
boux sum corresponding to the it-dimensional integral 

f ffdPi _ k. 

Rk 
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9.2-3 


As the same relation holds for the lower Darboux sums, it follows 
that we have for any bounded g(x^, . . Xk) 

( 9 . 2 . 2 ) j tf(x, . xt)dP = f g(x^, .. .,Xi)d Pi, , 

Rk 

so that in this case the n-dimensional integral reduces to a ilr-diinen- 
sional integral. 

It is easily seen that the same relation holds whenever g is inte- 
grable over Rk with respect to Pi,. even if g is not bounded. We 
may also assume g complex valued. 

9.3. A theorem on repeated Integrals. — If g(x,y) is continuous 
in the rectangle a ^ x ^ h, y ^ d, we know that the relation 

b d h d d b 

}f ni^<V) dxdy = f (f g(x,y}di/)dx = f (f g(x.y}dx)dy 

a c a c c a 

holds, so that the double integral can be expressed in two ways as 
a repeated integral. — There is a corresponding theorem for the 
Lebesgue-Stieltjes integral in any number of dimensions, and we shall 
now prove this theorem in a certain special case. 

Using the same notations as in 8.6, we consider two probability 
functions Pj and P, in the spaces Rm and Rn respectively, and the 
uniquely determined probability function P in the product space 
Rjn 'Rn which satisfies (8.6.1). Let S, and denote given sets in 
and R„ respectively, while S — (5,, 6\) is the rectangle set in the 
product space with the »sides» Si and S^. Let further g(x) and h{y) 
be given point functions in Rm and Rn respectively, such that f/(jt) is 
integrable over 5, with respect to P,, while hiy) is integrable over 
with respect to P*. 

Then g(x)h(y) is integrate over S~(Si,S^ with respect to P, and 
we have 

(9.3.1) j'g{x)h{y)dP^ f9(*)dPjh(y)dP,. 

s S, St 

Suppose first that g(x) and h(y) are bounded and non-negative. 
Consider the Darboux sums corresponding to the three integrals in 

(9.3.1) , and to the divisions ~ H-+ S^t^\ ^ 

-S = 2 where denotes the rectangle set (S^!\ If these 

sums are denoted by z and Z for the integral in the first member, 
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ind by f|, Z| and for the two intesrrala in the second member, 
it is seen that we have 

By the definition of the integral, (9.3.1) then follows immediately. — 
Replacing further g end A by / — g" and h' — where g\ g\ h* 
and V' are bounded and non-negative, we obtain (9.3.1) for any real 
and bounded g and h. The extension to any integrable and complex¬ 
valued functions follows directly from the definition of the integral 
for these classes of functions. 

9*4. The Riemann-Stieltjea integral. — The considerations of 7.5 
may also be generalized to n variables, where we have to employ the 
point function F(a:„ . . ., Xn) and the difference ^nF instead of the 
point function F(x) and the difference jP(a;,) — F(a?»-i). 

d" F 

In particular it follows that, if a continuous derivative r- z — 

OXi . , . O Xn 

exists for all points of the interval / (u« ^ or* ^ 5*, v ^ 1, , . ti), and 
if g{») is continuous in /, then the integral (9.1.1) may, for 
be expressed as a multiple Riemann integral 

ft. ft,, 

/ 9(»}dP==f -fg{x . 

I ft , <l„ 

This property is immediately extended to the case of a complex-valued 
function p(«), and also to infinite intervals, subject to the condition 
that g(x) is integrable over / with respect to F, 

9.5 The Schwarz inequality. — Consider two real functions g{x)' 
and h{x} such that the squares p* and h* are integrable with respect 
to P over the set S in Rn. The quadratic form 

/[Mi/(*) + vh(x)Yt1P = u*f g*dP+2Hvf ghdP+v* / h*dP 

s s a S 

is non-negative for all real values of the variables n and r Thus 
(cf 11.10) the determinant of the form is non-negative, which implies 
that we have 

(9.5.1) {f(,h dpy sfg^dPfh* dP. 
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Chaptebs 10-12. Various Questions. 


CHAPTER 10. 

Fourier Integrals. 

For the applicatione to probability theory and statiatics^ we shall require a certain 
number of theorems concerning some npecial classes of Fourier integrals, which will 
be deduced in this chapter. The general theory of the subject is treated e. g. in 
books by Bochner (Ref. 4), Titchmarsh (Ref. 88) and Wiener (Ref. 41). 

10.1. The characteristic function of a distribution in Kj. — Let 
F(x) denote a one-dimensional distribution function (cf 6.6), and t a 
real number. The function g(x) ~ c*'* = cos f x + ? sin tx is then, by 
7.4, integrable over (— qo,oo) with respect to F(x), since = 
The function of the real variable t 

QD 

(10.1.1) 9>(t) = fe*''dF(z) 


will be called the characteristic function of the distribution corre¬ 
sponding to F(x). 

In general 5 p(f) is a complex valued function of t. Obviously we 

always have ^(0) = 1, and for all values of t 

— oo 

9 >(— 0 = 9>(0. 

writing d for the conjugated complex quantity of a. It further follows 
from 7.3 that q>[t) is continuous for all real t. 

If the moment of order k of the distribution (cf 7.4) exists, it 

follows from 7.3 that we may differentiate (10.1.1) k times with re¬ 

spect to and thus obtain for 0 ^ v ^ A: 

« 

(10.1.2) x' tl F(x). 
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Hence bj 7.3 ^^*^0 is continuous for all real t, and we have 

OD 

(0) = t* f x*d F(x) = i* Of,.. 

— 00 

I n the neighbourhood of ^ = 0 we thus have a development in Mac- 
Laurin’s series: 

(10.1.3) y(<)==l 

where the error term, divided by <*, tends to zero as <—»0 (cf 12.1). 

Conversely, if it is known that the characteristic (unction has, for the particular 
value ^ 0, a finite derivative of even order 2 /r, this derivative is equal to the limit 

00 00 
V)(Jt)(0', = lim J F{x) - 1)* lim J '1 F(x). 

— OD —00 

For any finite interval (a, fc) we have, however, by (7.1.7), 
h h 

J asM F(*) = Hm J *<i F(a:) S | yiH*) (0)|. 

a a 

It follows that the moment exists, and thus (10.1.2) holds for 0 ^ v ^ 2 Ir and 
for all vnlnea of t 

We thus see that the differentiability properties of are related 
to the behaviour of F{x} for large values of x, since it is this behaviour 
that decides whether the moments acr exist or not. It can also be 
shown that, conversely, the behaviour of ^(t) at infinity is related to 
the continuity and differentiability properties of F(x}. Suppose, e. g., 
that F(x) is everywhere continuous, and that a continuous frequency 
function F (x) = /(x) exists for all x, except at most in a finite 
number of points. We then have by (7.5.5) 

(10.1.4) 9>(0 = f e'‘*/(x) dx, 

— «0 

and it can be shown that g> (0 tends to zero as f ± cc , If, more¬ 
over, the n:th derivative J^^Hx) exists for all x and is such, that 
l/")(a:)| is integrable over (—qo,qo), a repeated partial integration 
shows that we have 

lv«)l<|7p 
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for ail t, where K is a constant. We shall, however, not give a de¬ 
tailed proof of these })ropertie8 here. 

Suppose, on the other hand, that F(x) is a step-function with steps 
of the height in the points x ~ x^. We then have by (7.1.8) 

(10.1.5) 


the series being absolutely and uniformly convergent for all t, since 
Each term of the series is a periodic function of t, and 

y 

thus certainly does not tend to zero as ^ ± oc . It can be shown 
that also the sum of the series does not tend to zero as / -► ± oo. 
Thus e. g. the characteristic function of the distribution function £ (x) 
defined by (6.7.1) is identically equal to 1. 


Not every function {i) may be the cbaracterietic function of a distribution. 
Necessary conditions are, according to the above, that ip{t) should be everywhere 

continuous and such that |^(0| ^ 1 These conditions 

are, however, not sufficient. If, e. g., <f{t) is near f = 0 of the form ip{t) 1 + 
where d > 0. then it follows from (10.1.3) that the distribution corresponding to <p{t) 

must have Wj = = 0, which means (cf 16.1) that the whole rna.ss of the distribution 

is concentrated in the point t ~ 0. This is, however, the distribution which has the 
distribution function e{x) and the characteristic function tp{t) ■ 1. Hence in this 
case if(J) cannot be a characteristic function unless it is identically equal to 1. Thus 

e. g. the functions and are no characteristic functions, though both .satisfy 

the above necessary conditions. 

Various 'necetttary atid sufficient conditions arc known. The simplest .seem to be 
the following (Cramer, Ref. 71): In order that a given, bounded and continuous function 
g/f) should be the characteristic function of a distribution, it is necessary and sufficient 
that y (0) — 1 and that the function 

A A 

xp {.c, A) = JJ ip{t — u) e> d t d u 
0 0 


is real and non-negative for all real x and all A > 0. 

That these conditions are necessary is easily shown. When tp (f) is the characteristic 
function corresponding to the distribution function F(x) we find, in fact, 


00 

tp{x. A) J - 


— cos i4 (jT -1- y) 
-b I/)* 


dF{y), 


and the last e.\pre8sion is evidently real and non-negative. — The proof that the 
conditions are sufficient depends on the properties of certain integrals analogous to 
those used in the two following paragraphs. It is, however, somewhat intricate and 
will not be given here. 
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10.2. SoiM ttuxillary ftmcdons. — Consider the fnnctions 

T 


0 


— cos h t 


dt, 


where h is real and T > 0. Obrionsly c T) ^ 0, and 

si-KT) -s(h,n e(-KT)=^e(Kn 

By simple transformations we obtain for /t > 0 


h T 

*sin t 


dt. 


0 

hT 

7t J t n 


— cos h T 


T 

Now it is proved in text-books on Integpral Calculus that the integral 

f Bint 

j—dt 

0 

is bounded for all x > 0 and tends to the limit - as x -► ac. 

It follows that s (h, 2’) is hounded for all real h and all T > 0 and 
that we hairy uniformly for | /i ( > d > 0, 


lim s (hy T) ~ 

T-te 


( 10 . 2 . 1 ) 

We further obtain for all real h 


1 for ^ > 0, 

0 » h=-{)y 

-1 » h<0. 


(10.2.2) lim c (h, D = - f- -d < = IA1. 

r— 00 wj t 

ft 
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10.3. Uniqueness theorems for characteristic functions in Jtj. — If 

(a — hy a h) is a continuity interval (if 6.7) of the distribution function 
F(x), wc haw 

T 

(10.3.1) F(rt + fc)-F(a-A)= lim- f dt. 

T^mnj t 
-r 

This important theorem (Levy, Ref. 24) shows that a distribution 
is uniquely determined by its characteristic function. In fact, if two 
distributions have the same characteristic function the theorem 
shows that the two distributions agree for every interval that is a 
continuity interval for both distributions. Then, by 6.7, the distri¬ 
butions are identical. 

In order to prove the theorem, we write 

T r CD 

7t J t 7t J t J 

- T — T -00 

Now the modulus of the function jg most equal to /t, 

so that the conditions stated in 7.3 for the reversion of the order of 
integration are satisfied. Hence 

CO T CO T 

J — ^ j d F[x) ^ dt = dF(x) J* cos (x—a) t dt 

-sc ~T —00 0 

CO 

= j g{x,r)dF(x), 

— 00 

where 

T r 

I 2 (’sin A< , 1 /*sin (x--a + A)< 

g(x.T)—— I —-— C 08 (x — a)tdt— I --- dt 

'it J t rc J t 

0 0 

T 

\ r Bin (x — a ~h)t , ^ 1 . , L f/n 1 / . rfi\ 

- I --- dt — -s(x — a + h, I) — -s(x a — h, 1). 

jz J t 1 I 

0 

Thus by the preceding paragraph T)| is less than an absolute 

constant, and we have 
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liinsr(x,r)== 

r-^co 


0 for x< a—'h, 

I » a —h, 

1 » a — h<x < a •¥ h, 

^ » a? = fl 4- A, 

0 •» x> a h. 


We maj thus apply theorem (7.2.2) and so obtain, since F(a;) is con- 
tinuons for a: = a ± h, 

d F(x) = F(a + h)- F(a - h), 

a-‘h 


lim J 

T- 


=/ 


80 that (10.3.1) is proved. 

In the particular case when | (<) | is inte^rable over (— oo, oo), it 

follows from (10.3.1) that we have 

_ 1 f 

£ n £it J tit 


as soon as jP is continuous in the points x ±h. When h tends to 
sero, the function under the integral tends to while its 

modulus is dominated by the integrable function | f (^) |. Thus we may 
apply (7.3.1), and find that the derivative F'{x)=^ f[x) exists for all x, 
and that we have 

eo 

(10.3.2) f(x) = ^j e-“=‘f(t)dt. 


Then f(x) is the frequency function (cf 6.6) of the distribution, and 
it follows from 7.3 that f(x) is continuous for all values of x. — We 
call attention to the mutual reciprocity between the relations (10.3.2) 
and (10.1.4). 

Id order to determine F{x) by means of (lO.H.l) we must know ^(0 over the 
whole infinite interval (— oo). The knowledge of ^(f) over a Snite interval is, in 
fact, not sufficient for a unique determination of F{x). This follows from an example 
given by Gnedenko (Ref. 117) of two eharaeteri$tic functions which agree over a finite 
internal without being identical for all t We shall give a somewhat simpler example 
due to Khintchine. The two functions 


tPiCO 


v>i(0 


1 - |f| for |fl g 1, 
0 for |f|>l. 






cos n t , cos 3 71 f cos bnt , 
3* 6* 
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mn both ohMoeUriotlc fanetiont. (t) it the obaractoriitic 
tloa dollBod by the froqotncy fonotion 


fonctioo of the diatribu* 




1 — oot as 


at may bt tetn by taking /i - 1. i^(x)« f (as) and f>(0 - 1 in (10.8.8), while {() oorroapondt 

to a diatribntion baling the nata | placed in the point os « 0, and the mnaa in 

n* »■ 

the point X -• nsf, where b — ± 1, ±8,-— By tummation of the trigononietrical 

toriot for iPi(0 it it teen that g>i(f) « g>i(f) for jf | S 1. For | f | > l. on the other 
band, tPiU) ia eqnal to aero, while tPt(0 i* periodical with the period 2. 

We now proceed to prove a formula which is closely related to 
(10.3.1), but differs from it by containing^ an absolutely convergent 
integ^. In the following paragraph, this formula will Bnd an im> 
portant application. — For any real a and ^ > 0 have 


(10.8.3) 


k 

j\F(a + i)-F(a-t)]dz 
0 



COB h t 




Transforming the integral in the second member in the same way 
as in the proof of (10.3.1), the reversion of the order of integration 
is justified by means of 7.3. Denoting the second member of (10.3.3) 
by o/j, we then obtain 

« OD 

= dF(x) 


= d F(x) j ^cos (x — a)t dt. 


In the same way as above it then follows from (10.2.2) 



X 


a + fc| + |x-a-A|-2|»-a| ^ 


= j (A -1* 

n-h 


al)(iF(x), 


Applying the formula of partial integration (7.5.7) to the last integral, 
taken over each of the intervals (a — h,a) and (d, a + /i) separately, 
it is finally seen that is identical with the expression in the first 
member of (10.3.3), so that this relation is proved. 
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10.4. Continuity thoorom for characterittic lUnctlona In li|. — We 
have seen in the preceding^ paragraph that there is a one-to-one cor¬ 
respondence between a distribution and its characteristic function g> (t), 
A distribution function F(x) is thus always uniquely determined by 
the corresponding characteristic function q) (0, and the transformation 
by which we pass from F(x) toq>(t), or conversely, is always unique. We 
shall now prove a theorem which shows that, subject to certain con¬ 
ditions, this transformation is also cofitinuous, so that the relations 
Fn(x) -* F(x) and g>n(t)-^ q>(t) are equivalent. 

This theorem is of the highest importance for the applications, 
since it affords a criterion which often permits us to decide whether 
a given sequence of distributions converges to a distribution or not. 
We have seen in 6.7 that a sequence of distributions converges to a 
distribution when and only when the corresponding sequence of 
distribution functions converges to a distribution function. In the 
applications it is, however, sometimes very difficult to investigate 
directly the convergence of a sequence of distribution functions, while 
the convergence problem for the corresponding sequence of charac* 
teristic functions may be comparatively easy to solve. In such situa¬ 
tions, we shall often have occasion to use the following theorem, 
which is due to Levy (Ref. 24, 25) and Cramer (Ref. 11). 

We are given a sequence of distributions, with the distribution func¬ 
tions F^(x), F^(x), . . ., and the characteristic functions g>i(t), (pt(t), . . . 
A necessary and sufficient condition for the convergence of the sequence 
{Fn(a:)) to a distribution function F(x) is that, for every i, the sequence 
{^n(<)) converges to a limit ip[t), which is continuous for the special 
value f = 0. 

When this condition is satisfied, the limit g)(t) is identical with the 
characteristic function of the limiting distribution function F(x). 

We shall first show that the condition is necessary, and that the 
limit q>(t) is the characteristic function of F(x). This is, in fact, an 
immediate corollary of (7.5.9), since the conditions of this relation are 
evidently satisfied if we take g(x) = e'^^. 

The main difficulty lies in the proof that the condition is sufficient. 
We then assume that <pn(t) tends for every t to a limit (p(t) which 
is continuous for t = 0, and we shall prove that under this hypothesis 
Fn(2:) tends to a distribution function F(x). If this is proved, it 
follows from the first part of the theorem that the limit (p(t) is 
identical with the characteristic function of F{a:). 

By 6.8 the sequence (Fufr)) contains a subsequence \Fn^(x)\ 
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vergent to a non-decreasing function F(x), \?here F[x) may be de¬ 
termined so as to be everywhere continuous to the right. shall 
first prove that /’(j) is a distribution function. As we obviously have 
0^F(x)^ 1, it is sufficient to prove that /’(-f oo ) •••“ F(— cc-) = I. 
From (10.3.3) we obtain, putting a —0, 

J dz-J Fnjz} dz - i f (t) dt. 

0 ~h -00 

On both sides of this relation, we may allow v to tend to infinity 
under the integrals. In fact, the integrals on the left are taken over 
finite intervals, where Fn^ is uniformly bounded and tends almost 
everywhere to F, so that we may apply (5.3.6). On the right, the 
modulus of the function under the integral is dominated by the function 

1which is integrable over (— oo, oc), so that we may apply 
the more general theorem (5.5.2). We thus obtain, dividing by h, 

If 

0 —A -«o 



In this relation, we now allow h to assume a sequence of values 
tending to infinity. The first member then obviously tends to 
F(-f Qo)— F{~~ 00), On the other hand, is continitous for ^ — 0, 

so that tends for every t to the limit 9 p(()). We have, however, 

gp (0) — lini y'n (0), but yn(0)= I for every w, since is a charac- 

n *00 

teristic function. Hence ^(0)-~l. Applying on<fe more (5.5.2), we 
thus obtain from the last integral, using (10.2 2), 


F(+ cx)) F(—.oo) 


1 /* I 008 t 

I ~ 


(/ 1. 


Thus we must have F(+ »)—•!, F(— qo) — 0, and the limit F(.r) of 
the sequence |Fn^(a;)) is a distribution function. — By the first part 
of the proof, it then follows that the limit (p(i) of the sequcuice 
is identical with the characteristic function of F(j:). 
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Consider now another conTorgent snb-seqaenoe of (FmCo;)), and 
denote the limit of the new sub sequence bj F^{x), alwajs assuming 
this fnnotion to be determined so as to be CTerjwhere continuons to 
the right. In the same waj as before, it is then shown that 
is a distribution function. By hypothesis the characteristic functions 
of the new sub-sequence hare, howerer, for ail Talues of t the same 
limit ^ (f) as before, so that g> (f) is the characteristic function of both 
F(a;) and F*(a?). Then according to the uniqueness theorem (10.S.1) 
we hare F(x)^F*(x) for all x. 

Thus erery convergent sub-sequence of {Fn (a?)} has the same limit 
F(x). This is, however, equivalent to the statement that the sequence 
{Fn(a:)} converges to F(a!:), and since we have shown that F(x) is a 
distribution function, our theorem is proved. 


We know from 10.1 that a characteristic fonction is always continuous for erery 
t Thus it follows from the abore theorem that, as soon as the limit ^(f) of a 
sequence of characteristic functions is continuons for the special ralne t 0, it is 
continuous for every t The condition that the limit shonld be continuons for the 
special value f » 0 is, however, essential for the truth of the theorem. 

We shall, in fact, show by an example that the theorem is not trne, if this eon- 
dition is omitted. — Let F^{x) be the distribution function deSned by 




0 for a; ^ — n, 


X + n 

2fi 


— n < X < fi. 


1 » .X S n. 


The corresponding frequency function is constant equal to ^ in the interval (— n, n), 

and disappears outside that interval. The corresponding characteristic function is 
by (10.1.4) ' 

— 11 

As n tends to inttniiy, p,|(0 converges for every t to the limit ^(f) defined by 


v>(f) 


r 1 for f - 0, 
\ 0 » 0 . 


Thus the limit is not continuous for f » 0. Accordingly, for every fixed x we have 
i, so that the limit of F^(x) is not a distribution function. 

In the case J^^Cx) ** §(x — w) considered in 6.7, we have V„(f) « so that 
the sequence of characteristic functions is never convergent, except when f is a mul¬ 
tiple of 2 n. Accordingly, for every fixed x we have F^ (x) 0, so that the limit of 
F^{x) is not a distribution function, as we have already seen in 6.7. 
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10.5. Soma |iortlciilor Intogrols. — Wa Bhall now deduce some 
foraulae that will be need in the teqnel. The integral 

/ e'‘^dx — Vlt 

—« 

is giren in text-books on Integral Calculus. Substituting xVhf2 for x, 
we obtain for h>0 

— •0 

By means of 7.3 it is easily seen that we may differentiate any 
number of times with respect to so that 

(10.6.1) J = (.. = 0, 1, 2,...). 

— • 

Consider now the integral 


The partial sums of the series under tbe last integral are dominated 
by the function which is integrable over (— 00 , 00 ). Thus 

by (5.5.2) we may integrate the series term by term and so obtain, 
since all terms of odd order exidently Tanish, 


(10.5.2) 


J ^<*-J***da: = 2^^ J xTe^^^^dx 



Taking here h=l, and introducing the function 


(10.6.3) 


X 
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it follows that ws hare 


(10.5.4) 





Now (10.5.3) shows that (l>(x) is a non-decreasing and everywhere con¬ 
tinuous function, such that <P(— oo) = 0 and <P(+ oo) = 1. Thus 0(x) 
is a distribution function, and then (10.5.4) shows that the corre- 

spending characteristic function is e The distribution determined by 
<P(a:) is the important normal distribution, that will be treated in Ch. 
17. — By repeated partial integration, we obtain from (10.5.4) the 
relation 

(10.5.5) /*«"*<* «>(•'(*) = {-»■<)*«”». 


We shall farther consider the integral 


i /«^^*“*** da; = j cos ixe^^dx 
—« 0 


(10.5.6) 


t sin tx — cos tx __ I 1 

1 + e* ^ J 1T7* 
0 


This expression may be regarded as the characteristic function corre¬ 
sponding to the frequency function /(a;) --J Since the charac¬ 

teristic function is integrable over (— oo, oo), we obtain from (10.3.2) 
the reciprocal formula 


(10.5 7) 


1 r 

rej \-^t* 


dt = e~ 




10.6. The characteristic function of a distribution In Nn- — If 

t = . . ., f») and a = (arj, . . ., Xn) are considered as column vectors 

(ef. 11.2) corresponding to points in Rn, we denote by t' x the product 
formed according to the rule (11.2.1) of vector multiplication: 

-f -f fnXn. 

The deftnition (10.1.1) of the characteristic function of a one* 
dimensional distribution is then generalized by writing 
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(10.6.1) «!.(*) == g>(tu . . ., in) 

where P = P(5) is the probability function of a distribution in Rn- 
The characteristic function (p(t) of the distribution is thus a func¬ 
tion of the n real variables tn^ Obfiously we always have 

^(0, . . 0) = 1, and for all values of the variables 

i?)(*)isi, y(—*)=jp(*). 

Further, (p(t) is everywhere continuous. If all moments of the distri¬ 
bution (cf 9.2) up to a certain order exist, we have in the neighbour¬ 
hood of the point C = 0 an expansion of ip(t) analogous to (10.1.3). 

The following theorem, which is a direct generalization of the 
uniqueness theorem (10.3.1), shows that a distribution in Rn is uniquely 
determined by its characteristic function. 

If the interval I defined hy the inequalities a, — < x* < a* + 

(v = 1, . . ., n), is a continuity inte^-val (cf 8.3) of P(S), we have 

T T ^ 

(10.6.2) P(/) = lim-4 f f . . . din. 

-T -T 

The proof of this theorem is a straightforward generalization of 
the proof of (10.3.1). — In the particular case when | 5 p(*)| is integrable 
over Hn, we find as in (10.3.2) that the frequency function (cf 8.4) 

-A— ==/(a:i, . . ojn) = /(*) exists and is continuous for all 

and that we have 

«D W 

(10.6.3) /(*) = j^J /«-<•'« 9• ■ • din. 

— «0 — 00 

The reciprocal formula corresponding to (10.1.4): 

00 00 

(10.6.4) 5p(*) = / ” ‘ / * f{x)dx^ . . . dx,, 

— OO —00 

is obtained from (10.6.1) and holds whenever the frequency function 
f(x) exists and is continuous, except possibly in certain points be¬ 
longing to a finite number of hypersurfaces in Hn. 

We shall also want the following generalization of the theorem 
(10.3.3), which is proved in the same way as the one-dimensional case. 
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Itu .. .* tf, denote the interval defined by the inequalities 
a, — 4* (y = 1, . . ., «). 

For any real a« and positive K we have 



( 10 . 6 . 6 ) 


1 c r IT 1 ^ COB „ t 

“i-J —c—' 


10.7. Continuity theorem for characteristic functions in H„. — The 
continuity theorem proved in 10.4 may be directly gfeneralized to 
multi-dimensional distributions. By 8.5, a sequence of distributions 
in Rn converges to a distribution when and only when the corre¬ 
sponding distribution functions converge to a distribution function. 
As in the one-dimensional case, it is often easier in the applications 
to solve the convergence problem for the corresponding sequence of 
characteristic functions, and in such situations the following theorem 
will be useful. 

We are given a sequence of distributions in Rn^ with the distribution 
functions Fi(x)^ F^(x)^ ..., and the characteristic functions 9P|(*)* • • •• 

A necessary and sufficient condition for the convergence of the sequence 
{Fii(«)} to a distribution function JP(*) is that, for every f, the sequence 
{9>n(<)} converges to a limit which is continuous at the special 

point t = 0. 

When this condition is satisfied, the limit q>(t) is identical with the 
characteristic function of the limiting distribution function F(x). 

The proof that the condition is necessary is quite similar to the 
corresponding part of the proof in 10.4, and uses the generalization 
of (7.5.9) to integrals in Rn (cf 9.4). It then also follows that the 
limit ^(c) is the characteristic function of F(x). — In order to prove 
that the condition is sufficient, we consider a sub-sequence {Fiii^(«))f 
which converges (cf 8.5) to a limit F[x) = F(xi, . . Xn) that is non¬ 
decreasing and continuous to the right in each variable x^. We want 
to show that .F(«) is a distribution function, i. e. that the corrc’ 
spending non-negative and additive set function P(S) is a probability 
function. For this purpose, it is sufficient to show that we have 
P(An)» 1. We then apply (10.6.5) to each putting all the 

102 



10.7-11.1 


av ^ 0. When fi tends to infinity, we obtain by the same argument 
as in 10.4 



Allowing the K to tend to infinity, we then obtain, in perfect analogy 
with the one-dimensional case, 

00 

. ft J u 

* _OB 

SO that the limit P(S) of the sequence {Pm^(/S)} is a probability function. 
The proof is then completed in the same way as in 10.4. 

CHAPTER 11. 

Matrices, Determinants and Quadratic Forms. 

The lubject of the present chapter is treated in sereral text-books in an elementary 
form well adapted for oor purpose. We refer particularly to Aitken (Ref. 1), Bdcher 
(Ref. 8), and for Soandlnavian readers to Bohr-Mollernp (Ref. 6). ^We shall here 
restrict ourseWes to gixe, for the conrenience of the reader, a brief surrey — in many 
eases without complete proofs — of some fnudameutal definitions and properties that 
will be used in the sequel, adding full proofs of certain special theorems not contained 
in the text-books. 

11.1. Matrices. — A matrix A of order m * tt is a rectangular scheme 
of numbers or elements aa arranged in m rows and n columns: 



We write briefly A = |aa}« and when we want to emphasize the order 
of the matrix, we write A^^n instead of A, We shall always assume 
that the elements an are real numbers. 
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In the purticnlar case when m = n =* 1, the matrix A eoneiate of 
one single element an, and we shall then identify the matrix with the 
ordinary number an. 

Two matrices A and B are called equals and we write ^4 =s B, when 
and only when A and B are of the same order, and all corresponding 
elements are equal: atk = hik for all i and h. — We shall now deBne 
three kinds of operations with matrices: 

1. The product of a matrix A and an ordinary number c is defined 
as the matrix obtained by multiplying e^ery element of A by c. Thus 
cA=:Ac = B, where the elements of B are ha = cott . When c = — 1, 
we write — A instead of (—1) A, 

2. The sum of two matrices A and B is only defined when the two 

matrices are of the same order. Then the sum C = .d + B is defined 
as a matrix of the same order with the elements Ca = + ha- 

3. The product of two matrices A and B is only defined when the 
first factor A is of order m • r, and the second factor B is of order r • w, 
so that the number of columns of the first factor agrees with the 
number of rows of the second factor. Then the product C = ^4 B, or 
Cmn ~ -dnir is defined as a matrix of order m * n, with elements 
Cik given by the expression 


ca = 2 * 

The element in the t:th row and ^:th column of the product matrix 
is thus the sum of all products of corresponding elements from the 
t:th row of the first factor and the A;:th column of the second factor. 

The three matrix operations thus defined are associative and distri¬ 
butive. Moreover, the two first operations are commutative, while 
generally the third is non-commutative. Thus we have, e. g., 

B) + C = ^ + (B + C), (AB)C^A (BC), 

C(A + B)^CA + CB^ (A -h B)C=-^C + BC, 

A + B = B -j- A, c{A -i- B) = cA + cB, 

but generally not AB = BA. Even if both products AB and BA are 
defined, they may be unequal. We are thus obliged to distinguish 
between premultiplication and postmultiplication. AB means A post- 
multiplied by B, or B premultiplied by A. 
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From these properties, it follows e. gf. that a* linear combination 
c, -f • • • + CpAp is uniquely defined as soon as all the Ai are of 
the same order, and th^ the terms may be arbitrarily rearranged. 
Similarly, the product D^n = AnrBr,Csn is uniquely defined, but here 
no rearrangement of the factors is allowed. The elements rf;,* of D 
are given by the expression 

r $ 

k ^ 2 2 
rf-1 J-l 

The transpose of a matrix -<4 = {/j.jt) of order >n • n is a matrix 
A* {aik} of order n • w, such that a\k — Oki> Thus the rows of A' 
are the columns of A, while the columns of A' are the rows of A. 
Obviously we have 

= {A^By = A^+B\ {ABy=^B'A\ 

• Any matrix obtained by deleting one or more of the rows and 
columns of A is called a submatrix of A. In particular every element 
of ^ is a submatrix of order 1*1, while the rows and columns are 
subinatrices of order 1 •and m l re8j)ectively. 

When m = n, we shall call A a square matrix. Owing to the associ¬ 
ative property of matrix multiplication, the powers A'^ A^^ ... of a 
square matrix are defined without ambiguity. The elements a,,, 
Ann of a square matrix fonn the main or principal diagonal 
of the matrix, and are called the diagonal elements. 

A square matrix which is symmetrical about its main diagonal is 
called a symmetric matrix. A symmetric matrix is identical with its 
transpose, so that we have A'A or (m^aik. For an arbitrary 
matrix A-- A it will be seen that the products A A and A’A are 
symmetric, and of order m rn and n * n respectively. 

A symmetric matrix with all its non-diagonal elements equal to 
zero is called a diagonal matrix. If A^n is an arbitrary matrix, and 
if and are diagonal matrices, the product Dmm^mn is obtained 
by multiplying the rows of A by the corresponding diagonal elements 
of D, while the product Aimn Onn is obtained by multiplying the 
columns of A by the corresponding diagonal elements of D. 

A unit matrix I is a diagonal matrix with all its diagonal ele¬ 
ments equal to 1. For any matrix A =Ann we have 

IA=AJ==A, 
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where I denotes the unit matrix of order m m in the first product, 
and of order n * n in the second. 

A matrix (not necessarily square) having ail its elements equal to 
zero is called a zero matrix, and is denoted by 0. 

11.2. Vectors. — A vector is a matrix consisting of one single row 
or one single column, and is called a row vector or a column vector, as 
the case may be. Thus a row vector x — {x^, . . ., Xn] is a matrix of 
order 1 • n, while a column vector 



is of order n In order to simplify the writing we shall, however, 
usually write the latter vector in the form * = (.Tj , . . ., Xn), indicating 
by the use of ordinary instead of curled brackets that the vector is 
to be conceived as a column vector. The majority of vectors occurring 
in the applications will be of this kind. 

The transpose of the column vector jc = (x,, . . ., Xn) is the row 
vector (x, , . . Xnl, and conversely. 

If jr — (x,, . . ., Xn) and y = (yi, . ., yn) are two column vectors, 
the product xy is a matrix of order 11, i. e. an ordinary number: 

(11.2.1) *r = ^iyi + - + x„y„. 

In particular for jc = y we have 

XX = Xi -f • + Xn. 

The products xy' and xx\ on the other hand, are not ordinary num¬ 
bers, but matrices of order n n. 

The vectors jt, , . . ., are said to be linearly dependent, if a 
relation of the form r, Jc, + \ CpXp ^ 0 exists, where the Ci are 

ordinary numbers which are not all equal to zero. Otherwise x^, . . Xp 
are linearly independent. Similarly, p functions fi, . . .yfp oi one or 
more variables are said to be linearly dependent, if a relation Cj/i + + 

^pfv where the Ci are constants not all = 0, holds for all values 
of the variables. When several linear relations of this form exist, 
these are called independent, if the corresponding vectors c = (c,... ., Cp) 
are linearly independent. 
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113. Matrix notation for linear tranalormatlons. — A linear trans- 
formation 

Xi = Oil ffi + jff ■ -1“ ai n y«, 

(11.3.1) ~ Vi «ii yt + • • ■ + aan y*, 

a:*! = Oml yi + 0*9 y, -f • • • + Amnyn, 

establishes a relation between two sets of variables, 0?^, . . Xm and 
yi» • • •» yni where m is not necessarily equal to n. The matrix A = 
= A^n == {a#k} is the transformation matrix. 

Now if * = (xi, . . ., Xm) and y = (yi, . ., yn) are conceived as 

column vectors, the rigfht-hand sides of the equations (11.3.1) are the 
elements of the product matrix Ay, which is of order m l, i. e. a 
column vector. Thus (11.3.1) expresses that the correspondingr elements 
of the column vectors x and Ay are equal, so that in matrix notation 
the transformation (11.3.1) takes the simple form x = Ay. 

11.4. Matrix notation for bilinear and quadratic forma. — In the 
column vectors x and y of the preceding? paragraph, we now consider 
the Xi and tfk as two sets of independent variables, and form the 
product matrix x*Ay, where A = == {«ik}. This is a matrix of 

order 1*1, i. e. an ordinary number, and we find 

(11.4.1) xAy = 

i,k 

where i = 1,2, . . ., m and ^ = 1,2, . . ., n. Thus the bilinear form in 
the variables Xi and yk that appears here in the second member has a 
simple expression in matrix notation. 

In the important particular case when m == w, x-~y ^nd A is 
symmetric, the bilinear form (11.4.1) becomes. 

n 

(11.4.2) xAx = ^atk XiXk, 

i, l:=l 

where aki = aik> This expression is called a quadratic form in the vari¬ 
ables a?!, . . ., Xn, and will often be denoted by 4!(*) or ^(xi, . . ., Xn). 
In matrix notation, we thus have Q (x) = xA x. The symmetric matrix 
A is called the matrix of the form Q. If, in particular, A = I, we 
have Q = x7jr == xx — x\ -f • •• -f- xj. 
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The matrix expregaiona (11.4.1) and (11.4.2) are particularlj well 
adapted for the atudy of linear transformations of bilinear and 
quadratic forms. Thus if, in the quadratic form (a;,, . . ., Xn) = 

n 

= ^ Qik XiXky new Tariables yt, . . ym are introduced by the linear 

i.*=l 

transformation x = Cy, where C = Cum, the result is a quadratic 
form y*) in the new variables: 

Ml 

, a^n) = Cl (yi , • • • , ym) = 2 y* * 

I , A 1 

and the matrix expression (11.4.2) then immediately gives 
Q^xAxr^ yCA Cy = yBy, 

where B = C‘A C. By transposition it is seen that this is a symmetric 
matrix, and thus the matrix of the transformed form is C'AC. The 
order is, of course, m • m. 

11.5. Determinants. — To every square matrix ^nn-- {ui*l 
corresponds a number A known as the determinant of the matrix, 
which is denoted 



«ll «lf • 

■ flln 

^ = 1^1 = |a.j| 


. . U2n 


an\ an'l . 

. . Ann 


The determinant is defined as the sum 

^ ” 2i ^ 

where the second subscripts rj, . . run through all the n\ possible 
permutations of the numbers 1,2, . . ., ri, while the sign of each term 
is -f or — according as the corresponding permutation is even or 
odd. The number n is called the order of the determinant. 

The determinants of a square matrix A and of its transpose A' 
are equal: A -- A\ If two rows or two columns in A are interchanged, 
the determinant changes its sign. Hence if two rows or two columns 
in A are identical, the determinant is zero. If .4, B and C are square 
matrices such that AS — C, the corresponding determinants satisfy 
the relation AB -- C. 
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When A is an arbitrary matrix (not neceisarily square), the deter¬ 
minant of any square submatrix of A is called a minor of A, When 
A is square, a principal minor is a minor, the diagonal elements of 
which are diagonal elements of A. 

In a square matrix A *= {ar»}, the cofactor Aik of the element aa is 
the particular minor obtained by deleting the i:th row and the A::th 
column, multiplied with (— We have the important identities 


(11.5.1) 

(11.5.2) 

and further 

(11.5.3) 


2 

n 


j A for i = A:, 
t 0 for t 7 ^ k, 

I A for i == k, 
{ 0 for i 7 ^ k. 


A — 2 ^* * ^^^ * 

i. *=2 


where is the cofactor of u/* in Aiy 


11.6. Rank. — The rank of a matrix A (not necessarily square) is 
the greatest integer r such that A contains at least one minor of 
order r which is not equal to zero. If all minors of A are zero, A is 
a zero matrix, and we put r = 0. When ^4 = the rank r is at 
most equal to the smaller of the numbers m and n. 

Let the rows and columns of A be considered as vectors. If A is 
of rank r, it is possible to find r linearly independent rows of A^ 
while any r -f 1 rows are linearly dependent. The same hold.s true 
for columns. 

\i A^^ A^^ ^ Ap are of ranks r^, the rank of the sum 

A^-\- ‘ ■ + Ap is at most equal to the tium Tj 4- -f while the 

rank of the product A^ . . . Ap is at most equal to the smallest of 
the ranks r,, . . ., 7*^. 

If a square matrix A — A„n is such that A 7 ^ 0^ then A is of 
rank n. Such a matrix is said to be non-singular, while a square 
matrix with A == 0 is of rank < n and is called a singular matrix. 
If an arbitrary matrix B is multiplied (pre- or post ) by a non-singular 
matrix A, the product has the same rank as B. When the matrix of 
a linear transformation is singular or non-singular, the corresponding 
adjectives are also applied to the transformation. 
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If A is symmetric and of rank r, there is at least one principal 
minor of order r in A which is not zero. Hence in particular the 
rank of a diagonal matrix is equal to the number of diagonal elements 
which are different from zero. 

» 

The rank of a quadratic form Q^xAx = "^OikXiXk ia, by defini- 

tion, equal to the rank of the matrix A of the form. According as 
A is singular or non-singular, the same expressions are used with respect 
to Q. A non-singular linear transformation does not affect the rank 
of the form. If, by such a transformation, Q is changed into 

f 

5 ^ 0 for t = 1,2, . . ., r, it follows that Q is of rank r. ' 

1 

The rank is the smallest number of independent variables, on which 
Q may be brought by a non-singular linear transformation. 

A proposition which is often useful is the following: If Q may be 
written in the form Q = LI + • • -f LJ, where the Li are linear func¬ 
tions of a?|, . . ., Xn» and if there are exactly h independent linear 
relations (cf 11.2) between the Li, then the rank of p — h. It 
follows that, if we know that there are at least h such linear relations, 
the rank of Q is ^p'- h. 


11.7. Adjugate and reciprocal matrices. — Let A --= (aijt) be a 
square matrix, and let as before Am denote the cofactor of the element 
Oit. If we form a matrix {A^} with the cofactors as elements, and 
then transpose, we obtain a new matrix A* = {af*}, where am == A**. 
We shall call A* the adjugate of A. By the identities (11.5.1) and 
(11.5.2) we find 


(11.7.1) 


AA*^A*A^Al = 


A 0 . . .0 
0 A . . . 0 


0 0 ... A 


For the cofactor A^ of the element att = Aki in A* we have 
(11.7.2) Af» = A»-»a*,. 


This is only a particular case of a general relation which expresses 
any minor of A* in terms of A and its minors. We shall here only 
quote the further particular case 


no 
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(11.7.3) 


All 

Aik Atk 


I — -^11 Aik — Ail Aik = AAii. ik» 


When A is non-singular, the matrix A-^ =-jA* = is called 
the reciprocal of A, We obtain from (11.7.1) 

(11.7.4) AA-^==A-^A=^l. 


The matrix equations AX = I and XA = / then both have a unique 
solution, viz. X = A^^. It follows that the determinant of A-^ is A"'^. 
Further [A-^)-^ = A^ so that the relation of reciprocity is mutual. 
The transpose of a reciprocal is equal to the reciprocal of the trans¬ 
pose: (A-^)* For the reciprocal of a product we have the 

rule (A B)-^ = A-K 

When A is symmetric, we have Aki = so that the adjugate 
A* and the reciprocal A-^ are also symmetric. The reciprocal of a 
diagonal matrix D with the diagonal elements dj, . . ., dn is another 
diagonal matrix with the diagonal elements d7S . . ., 

If Q = x*Ax is a non-singular quadratic form, the form = 
=^xA-^x is called the reciprocal form of Q. Obviously 

Let X = (X], . . ., Xn) and t (t^ . , U) he variable column vectors. 
If new variables y — (^i i . . . t ym) and = (uj, . . ., Um) are introduced 
by the transformations 

(11.7.5) y = Cx, t=CV 


where C = C^nny we have 


(11.7.6) t"x = uCx = uy. 

The bilinear form t'x — t^Xi + ■' + fn Xn is thus transformed into 

the analogous form uy = «, yi +-h t^mym in the new variables. Two 

sets of variables Xi and U which are transformed according to (11.7.5) 
are called contragredient sets of variables. In the particular case when 
in = n and C is non-singular, (11.7.5) may be written 

(11.7.7) y = Cx, u = (C')-»e. 


11.8. Linear equations. — We shall here only consider some 
particular cases. The non-homogeneous system 
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^11 + ‘ fll n Xh = ^ 1 , 


flnl + flm rCt Xn = hm 

is equivalent to the matrix relation Ax = where ^~{aa}. * = 
— (a?!, . . ., Xw) and h = (hiy . . An). It ^ is nonsing^ular, we may 
premultiply both sides by the reciprocal matrix A"-^, and so obtain 
the unique solution x=^ A^'^h, or in explicit form 

(11.8.2) Xk = ^^hiAik (i=l,2.n). 

»=sl 

Thus Xk is expressed by a fraction with the denominator A and the 
numerator equal to the determinant obtained from A when the ele¬ 
ments of the A:th column are replaced by the second members , .,hn. 
This is the classical solution due to Cramer (1750). 

Consider now the homogeneous system 

^11 ^in OCn = 0, 

(11.8.3) . 

Omi Xi 4* am a X, + •• • 4- amnXn = 0, 

or in matrix notation Ax = 0^ where m is not necessarily equal to rr. 
By 11.6, the matrix A is of rank r^n. If r = w, the system (11.8.3) 
has only the trivial solution x = 0. On the other hand, if r < n, it 
is possible to find n — r linearly independent vectors c,,...,Cn_r 
such that the general solution of (11.8.3) may be written in the form 
X = ^, c, -1- • 4- tn-rCn^r, where the U are arbitrary constants. 


11.9. Orthogonal matrices. Characteristic numbers. — An ortho¬ 
gonal matrix is a square matrix C= \cik] such that CC' — I. Hence 
C* = 1, so that the determinant (7 = |C| = + 1. Obviously the trans¬ 
pose C' of an orthogonal C is itself orthogonal. Further C”' = C', 
and thus by the definition of the reciprocal matrix Cik = Ccik for all 
i and A, and hence by the identities (11.5.1) and (11.5.2) 


(11.9.1) 


2 = 
j-i 


lo 


for i = A, 
for i 7 ^ A, 



for i = A, 
for i k. 


(11.9.2) 
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The product C, C, of two orthogonal matrices of the same order is 
itself orthogonal. — If any number p<n of rows cn,c; 2 , . . c,„ 

(t =: 1,2, .... p) are given, such that the relations (11.9.1) are satisbed, 
we can always find n—p further rows such that the resulting matrix 
of order n * n is orthogonal. The same holds, of course, for columns. 

The linear transformation x = Cy, where C is orthogonal, is called 
an orthogonal transformation. The quadratic form = xj + • + xi is 

invariant under this transformation, i. e. it is transformed into the 
form yC Cy = yy = y\ -f • 4- yj, which has the same matrix /. — 
The reciprocal transformation y = C“'« is also orthogonal, since 
C~' = C' is orthogonal. 

The orthogonal transformations have an important geometrical 
significance. In fact, any orthogonal transformation may be regarded 
as the analytical expression of the transformation of coordinates in 
an euclidean space of n dimensions which is effected by a rotation of 
a rectangular system of coordinate axes about a fixed origin. The 

distance (x] + • • • + from the origin to the point (a;,, . . ., x^) is 
invariant under any such rotation. 

If A is an arbitrary symmetric matrix, it is always possible to 
find an orthogonal matrix C such that the product C'AC is a dia¬ 
gonal matrix: 




x,0. 

. 0 

(11.9.3) 

CAC = K = 

0 X, . 

. 0 



00 . 

• . Xn, 


Any other orthogonal matrix satisfying the same condition yields the 
same diagonal elements . . ., Xn, though possibly in another arrange¬ 
ment. The numbers Xj, . . ., x„, which thus depend only on the matrix 
A^ are called the characteristic numbers of A, They are the n roots 
of the secular equation 




«11 ~ X 

. . . Oin 

(11.9.4) 

|.4-x/l = 

«*l flit ■“ X 

. . . Oan 



On 1 OnJ • • • 

Own X 


and are ail real. Since C is non-singular, A and K have the same 
rank (cf 11.6). Hence the rank of A is equal to the number of the 
roots Xi which are not zero. From (11.9.3) we obtain, taking the 
determinants on both sides and paying regard to the relation C* = 1, 
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(11.9.5) = X, X, . . . X*. 

If A is non-singular, the identity 

(11.9.6) 

shows that the characteristic numbers of are the reciprocals of 
the characteristic numbers of‘^. 

Finally, let B be a matrix of order m • w, where m^n. If B is of 
rank m, the symmetric matrix BB' of order m-m has all its charac¬ 
teristic numbers positive. It follows, in particular, that BB' is non- 
singular. — This is proved without difficulty if, in (11.9.3), we take 
BB' and express an arbitrary characteristic number Xi by means of 
the multiplication rule. 

11.10. Non-negative quadratic forms. — If, for all real values of 
the variables .... we have 

n 

Q{x^, . . ., x«) = ^aaxtxt ^ 0, 

i, *=i 

where aid = am^ the form Q will be called a non-negative quadratic 
form. If, in addition, the sign of equality in the last relation holds 
only when all the Xt are equal to zero, we shall say that Q is definite 
positive. A form Q which is non-negative without being definite positive, 
will be called semi-definite positive. Each of the properties of being 
non-negative, definite positive or semi-definite positive, is obviously 
invariant under any non-singular linear transformation. 

The symmetric matrix A = [aa] will be called non-negative, definite 
positive or semi-definite positive, according as the corresponding 
quadratic form Q = x'A « has these properties. 

The orthogonal transformation x = Cy, where C is the orthogonal 
matrix occurring in the special transformation (11.9.3), changes the 
form Q into a form containing only quadratic terms: 

Ul.lO.l) Q(Xi, . . .,Xn}==»i!f] + *ty: + ■■■ + Xnjfl, 

or in matrix notation x’Ax ^yKy, where the x< are the characteristic 
numbers of A, while K is the corresponding diagonal matrix occurring 
in (11.9.3). By the same orthogonal transformation, the form 
x(apj -h«l) is transformed into (xj — x)y| + • + (x» — x)yi. If x S 
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the smallest characteristic number of the last form is obviously 
non-neg^ative, and it follows that the form C — x (xj + • • • 4- xi), with 
the matrix A — xl, has the same property. 

If the form Q is definite positive, the form in the second member 
of (11.10.1) has the same property, and it follows that in this case 
all the characteristic numbers x/ are positive. Hence by (11.9.5) we 
have ii > 0, so that A is non-singular. 

If, on the other hand, Q is semi-definite positive, the same argu¬ 
ment shows that at least one of the characteristic numbers is zero, 
so that = 0. If Q is of rank r, there are exactly r positive charac¬ 
teristic numbers, while the n — r others are equal to zero. In this 
case, there are exactly w—r linearly independent vectors Xp = (x5p\ ..., xjf^) 
such that Q (%) = 0. 

The geometrical significance of the orthogonal transformation 
considered above is that, by a suitable rotation of the coordinate 
system, the quadric Q(xi, . . ., Xn) = const, is referred to its principal 
axes. If Q is definite positive, the equation Q = const, represents an 

ellipsoid in n dimensions, with the semi-axes For semi-definite 

forms Q, we obtain various classes of elliptic cylinders. 

If Q is definite positive, any form obtained by putting one or 
more of the x^ equal to zero must be definite positive. Hence any 
principal minor of Q is positive. For a semi-definite positive Q, the 
same argument shows that any principal minor is non-negative. — It 
follows in particular that if, in a non-negative form Q, the quadratic 
term x* does not occur, then Q must be wholly independent of xt. 
Otherwise, in fact, the principal minor anUkh^ ah would be negative for 
some k. — Conversely, if the quantities A, .dn, 22 ,..., ^ 11 . 22 ... n-i, n-i 
are all positive, Q is definite positive. ^ 

The substitution x — A-^y changes the form Q=^x'Ax into the 
reciprocal form = yA-'y. Thus if Q is definite positive, so is 
and conversely. This can also be seen directly from (11.9.6). — 
Consider now the relation (11.5.3) for a definite positive symmetric 
matrix A. Since any principal submatrix of A is also definite positive, 
it follows that the last term in the second member of (11.5.3) is a 
definite positive quadratic form in the variables a^, . . ., am, so that 
we have 0 < A ^ aj, ^4,,, and generally 

(11.10.2) 0<A^ anAii (t = 1,2,..., w). 

By* repeated application of the same argument we obtain 
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(11.10.3) 0 < A ^ 011 0f| . . . Ann. 

The sign of equalitj holds here onlj when ^ is a diagonal matrix. — 
For a general non-negatire matrix, the relation (11.10.3) holds, of 
course, if we replace the sign < by 


11.11 . Decomposition of ^ certain statistical applications 

1 

we are concerned with various relations of the type 
(ll.lM) ^ Qk. 

where Qi is for t = 1, 2, . . ., ^, a non-negative quadratic form in 
X|, . . ., Xn of rank r<. 

Consider first the particular case A; ^ 2, and suppose that there 
exists an orthogonal transformation changing into a sum of 

u 

squares: Applying this transformation to both sides of 

1 

n 

(11.11.1) , the left-hand side becomes and it follows that is 

1 

n 

changed into ^ yi. Thus the rank of Q, is r^== n — and all its 

r,+ l 

characteristic numbers are 0 or 1. — As an example, we consider the 
identity 

( 11 . 11 . 2 ) 2 + 2 

1 1 

1 ” 

where ^ ~ ^ Any orthogonal transformation yr = Cx such that 

n ^ 

1 

the first row of C is . .., will change the form 

V n y n V n 

=H-y*- Thus the same transformation 

\r n Vn ynf 

n n n 

changes 2 ^)* 2 ^decomposition of 2 

1 2 1 

cording to (11.11.2), the two terms in the second member are thup of 
ranks 1 and ti — 1 respectively. 
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Consider now the relation (11.11.1) for an arbitrary k>l. We 
shall prove the following proposition due to Cochran (Bef. 66 ; cf 
also Madow, Bef. 154): 

k 

there exists an orthogonal transformation x = Cy chang- 

1 

ing each Qt into a sum of squares according to the relations 

fi r,+r. n 

Cl = 2*'’’ c.==2i'’> • • •’ c*=2y’> 

1 rj+l 

«. e. such that no two Qt contain a common variable yi. 

We shall prove this theorem by induction. For it = 1 , the truth 
of the theorem is evident. We thus have to show that, if the theo> 
rem holds for a decomposition in — 1 terms, it also holds for h 
terms. In order to show this, we 6 rst apply to (11.11.1) an orthogonal 

Tx 

transformation * = C^z changing into 2 • This gives us 

1 

2 (1 W -f 2 ~ Ca ‘ + Q'kx 

1 rj+1 

where Qa, . . Qlt denote the transforms of Qtx • . Qk- We now 
assert that all the are equal to 1. Suppose, in fact, that p of the 
Xi are different from 1, while the rest are equal to 1. Both members 
of the last relation are quadratic forms in . . ..Sn- The rank of 
the first member is n — r, + p, while by 11.6 the rank of the second 

member is at most equal to r, -f-h r* = n — rj. Thus p = 0, and 

ail Xi= 1 , so that we obtain 

(11.11.3) 2^*=«2+ •+ Ci. 

r, + l 

Here, the variables , . . ., do not occur in the first member, and 
we shall now show that these variables do not occur in any term in 
the second member. If, e. g., Q 2 would not be independent of , then 
by the preceding paragraph Q 2 must contain a term cz] with c > 0 . 
Since the coefficients oi in ^ 3 , . . .* Qt are certainly non-negative, 
this would, however, imply a contradiction with (11.11.3). 

n 

Thus ( 11 . 11 . 3 ) gives a representation of 2*^* ^ of it; — 1 

r.-l-l 
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non negative forms in By hypothesis the Cochran theo¬ 

rem holds for this decomposition. Thus there exists an orthogonal 
transformation in m — rj variables, replacing 2'r,+i, . . .,-2'n by new 
variables yr,+i, . . yn such that 

(11.11.4) gi =/2y.-. • ■ •. = i; .v‘ • 

r, + l H-r^+1 

If we complete this transformation by the equations , 

Zr, = ^r,, we obtain an orthogonal transformation in n variables, x == C.,y^ 
such that (11.11.4) holds. 

The result of performing successively the transformations x = C^z 
and * — C^y will be a composed transformation x Cfi^y which is 
orthogonal, since the product of two orthogonal matrices is itself 
orthogonal. This transformation has all the required properties, and 
thus the theorem is proved. 

Let us remark that if, in (11.11.1), we only know that every Qi is 
non negative and that the rank of Qt is at most equal to r,, where 

k 

2 = w, we can at once infer that Qi is effectively of rank n, so that 

1 

the conditions of the Cochran theorem are satisfied. In fact, since 
the rank of a sum of quadratic forms is at most equal to the sum 
of the ranks, we have, denoting by n the rank of Qiy 

k k 

w ^ 2 = 2 

1 1 

Thus 2 “ 2 Vi. This evidently implies rj = r* for all i. 

We finally remark that the Cochran theorem evidently holds true ify 
in (11.11.1), the first meniber is replaced hy a quadratic form Q in any 
number of variables which, by an orthogonal transformation, may be 

n 

transformed into 2 


11.12. Some integral formulae. — We shall first prove the im¬ 
portant formula 


(11.12.1 a) 


00 00 

I f «‘* *"**'^‘*®« • = 


vT 
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or in ordinary notation 

r .*n) 

/ e * dXi . . . dxn = 

00 

n 

(2?r)> .<,) 

where Q is a definite positive quadratic form of matrix A, while 
t = (fj, . . ., fn) is a real vector. As in the preceding paragraphs, A is 
the determinant |^|, while Q~^ is the reciprocal form defined in 11.7. 
— For n= 1, the formula reduces to (10.5.2). 

In order to prove (11.12.1a) we introduce new variables y = 
= {^11 • • • 1 .Vn) by the substitution x — Cy, where C is the orthogonal 
matrix of (11.9.3), so that C'AC = K, where K is the diagonal matrix 
formed by the characteristic numbers xj of A. At the same time we 
replace the vector l by a new vector n = (mj , . . ., Un) by means of 
the contragredient substitution (cf 11.7.7) l = (C')“''i4, which in this 
case reduces to tCu^ since C is orthogonal. By (11.7.6) we then 
have t*x == uy. Denoting the integral in the first member of (11.12.1 a) 
by e7, we then obtain, since C= ± 1, 



/ = J J rfy,... dy„ = j I YJ dyj. 

— QD — QD — 00 

Applying (10.5.2) to every factor of the last expression, we obtain 

n 

-lu'IC-’i, 

v7 

since by 11.7 the diagonal matrix with the diagonal elements ~ is 

identical with the reciprocal while by (11.9.5) we have A = 

= X, . . . Xn. We have, however, = (C'A C)“* — C~^ A~^ {^')~* == 
= C, since C is orthogonal. Hence uK~'^u = uC'A~~^Cu = 

== t'A^^ t, and thus finally 




> 
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i. e. the tormnle (11.12.1»). — Pattingr in particular t = 0, we obtain 
the formnla 


( 11 . 12 . 2 ) 



(2 «)* 

VI • 


This holdf even for a matrix A with complex elements, provided 
that the matrix formed by the real parts of the elements is definite 
positive. 

We farther consider the integral 

V = f ‘ fdXi.,. dxn, 


which represents the n dimensional »volnme» of the domain bounded 
by the ellipsoid Q = e\ The orthogonal transformation used above, 

followed by the simple substitntion shows that we have 

Vxf 

E*? <1 


The last integral represents the volume of the n-dimensional »unit 


sphere*, and it will be shown below that its value is 


d-) 


, so that 


(11.12.3) 



Va' 


We shall finally require the value of the integral 
Bit — f ■ f XiXkdxi . .. dx», 

Q<<* 


extended over the same domain as the integral V. Making the same 
substitutions as in the case of F, we find by some calculation that the 
matrix B with the elements Bit is 


B^g^CK-^C^g,A-\ 

where 


120 



11.12 


gn+a r r 

9n ~ y~j[ I / ’ ‘ * 


It will be shown below that we have 


80 that 
(11.12.4) 




r.‘ V 

n + 2 ' A ' 


The Dirichltt integrals used above; 


ii = f ... Jdzi. . . dzn and j, ==/... / dz, ... dzn, 

n 

extended over the n-dimensional unit sphere '^z* < 1, can be calculated by means 


of the transformation 


— sin <Pi cos 9,, 

Zf ~ sin 9, sin 9s cos 9s, 


Zh = sin 9, ... sin 9„_j cos 9^, 


which establishes a one-to-one correspondence between the domains ^ < I and 

0 < 9^ < 71 (* = 1, 2,. .., n). The Jacobian of the transformation is (—1)« (sin 9i)**. 
(sin 9s)'* ... sin 9^. With the aid of the relation 


J (sin 9)” d 9 = 2^(sin 9)'» d9 = 


which is proved by substituting x = sin* 9 and using (12.4.2), we then obtain 


i, =/(«iiHP,)»dy, .../sin ^ -T- 


ft ^ ^ 

ii = / (sin 9 i)" cos* 9, d 9, f (sin 9a)"''' d 98 • / sin 9„ 9n * —^ 
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CHAPTER 12. 

Miscellaneous Complements. 

12.1. The symbols 0, o and co. — When we are investigatingf 
the behaviour of a function f\x) as x tends to zero, or infinity, or 
some other specified limit, it is often desirable to compare the order 
of magnitude of f(x) with the order of magnitude of some known 
simple function g(x). In such situations we shall often use the fol¬ 
lowing notations. 

1 ) When remains bounded as x tends to its limit, we write 

9(x) 

/(x) = 0(gix))y which may be read: >f(x) is at most of the order g(x)». 

2) When tends to zero, we write f(x) ~o(g (a;)), which may 

be read: */(x) is of a smaller order than p(a:)». 
f^x\ 

3) When tends to unity, we write f(x)^g(x)y which may be 

9w 

read: »f(x) is asymptotically equal to g(x)*. 

x^ 

Thus as a? -♦ 00 we have e. g. aa? + = 0 (a?), x” ~ o (e*), - ',- oox. 

x-hiogx 

Symbols like 0(x), o(l) etc. will often be used without reference 
to a speci6ed function /{x). Thus e. g. 0 (a;) will stand for »any func¬ 
tion which is at most of order x»y while 0(1) signifies »any bounded 
function*, and o(l) >any function tending to zero*. 

As » further exsmple we consider a function /(x) which, in some neighbourhood 
of X ■■ 0, has n continuous deriratiTes. We then have the Mac Lanrin expansion 


/(»)=2 


vi 


x» -f B.(x\ 


where 


--X", 


(0 < S < 1). 


Now by hypothesis /(’*)(d x) — /(") (0) tends to zero with x. According to the above 
we may thus write, as x tends to zero, 


/(*)=2 


/(>>(0) 

vl 


X*' + 0 (ac*»). 


This relation, which holds even when /(x) is coJ^lex, has already been nsed in 

( 10 . 1 . 8 ). 
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12.2. The Euler-MacLaurin sum formula. — We define a sequence 
of auxiliary functions (a?), P, (x), . . . bj the trigfonometric expansions 


( 12 . 2 . 1 ) 


P^k{^) = 


2 COS 2 V 71X 


Pair+i (a;) 


^ «n 2r7ex 


All these functions are periodical with the period 1, so that 

P,(a;+ l) = P,(a;). 

For w > 1, the series representing Pn(x) is absolutely and uniformly 
convergent for all real x, so that Pn{ic) is bounded and continuous 
over the whole interval {— oo, oo). 

The series for Pj (x), on the other hand, is only conditionally con¬ 
vergent, and it is well known that we have P, (x) = ~ x + J for 
0 < X < 1. Denoting by [x] the greatest integer ^ x, it follows from 
the periodicity that we have for all non-integral values of x 

P, (x) = [x] — X + J. 

Thus eyery inteeer is a discontinuity point for P, (x), and we have 
I P, (x) 1 < i for all X. 

For integral values of x we have 


P«+iM = 0. 

The numbers appearing here are the Bernoulli numbers defined by 
the expansion 

(12.2.2) Tii-i:®’'-' 

0 

We have 

Bq == 1, Bi — Pj == P4 = j\), P® = iV» ■ • •» 

while all the P* of odd order ^ 3 are zero. — For w > 1 we have 

.V 

£p,(x) = (-l)-‘P.-.(x). 
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For w > 2 this relation holds for all x, while for n = 2 its validity 
is restricted to non-integ^ral values of x. 

Consider now a function g{x) which is continuous and has a con¬ 
tinuous derivative g* (x) for all x in the closed interval (a + «, A, a + n. A), 
where a and A > 0 are constants, while and n, are positive or 
negative integers. For any integer v such that ^ v < 71 f we then 
find by partial integration 

*’+1 

h j Fi[x)g (a 4- hx)dx = — i g(a + vA)-— (v-f 1) A) 4- J g(a 4* hx) dx. 

V * 

Hence we obtain, summing over v = rij, . . Wj — 1, 


4 Av) == J g {a -i- hx)dx -i- i g{a -h ttih) i ^ (fl + w, A) 

(12.2.3) 


— A Pi(x)g'(a 4“ hx) dx. 


This is the simplest case of the Euler-MacLaurin sum formula, which 
is often very useful for the summation of series. If g(x) has con¬ 
tinuous derivatives of higher orders, the last term can be transformed 
by repeated partial integration, and we obtain the general formula 


nt «i 

= f g(a -r hx)dx lg(a -i- n^h) -h ^g(a ~r 

n, n, 

(12.2.4) + «, A)+ «.A)] + 

-f (—!)*■*■'y Pa,+i 4-Ax)^?x, 

ni 

where s may be any non-negative integer, provided that all derivatives 
appearing in the formula exist and are continuous. 


It ^g {a 4- Av) and J g (a + hx)dx both converge, we obtain from 

— 00 —«0 

the formula (12.2.3) 

(12.2.5) + A»') = /p(« + hx)dx-h fPi(x)g'(a + hx)dx. 
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where the last integral most alto oonTerge. If, in addition, 0 

•a 00 for r 1, 2,..., t, we obtain from (12.2.4) 

«» 

( 12 . 2 . 6 ) 2 + **’) = 

— flO 

« • 

= J g (a + hx)dx + (— J Pn+i ^^^***^*^0 + hx)dx. 

— 00 —flo 

If, in (ia.2.3), we take y (ap) «* -, a — 0, A *» 1, fii -■ 1 and fit — n, we obtain 

X 



From the definition of Pi{x\ it ie eaeilj aeon that 

n 

so that we have 

1 

where 

c=\ + j dx = 0.6772 . . . 

1 

is known as Euler’s constant 

12 .3. The Gamma function. — The Gamma function r(p) it de¬ 
fined for all real p> 0 hy the integral 

00 

(12.3.1) r{p) = f xP-'e-^dx. 

it 

By 7.3, the function is continuous and has continuous derivatives of 
all orders: 

00 

fir) ^ j" ^p-l g-x 

0 

for any p > 0. When p tends to 0 or to -f oo, r(p) tends to -f oo. 
Since the second derivative it always positive, r(p) has one single 
minimum in (0, oo). Approximate calculation shows that the minimum is 
situated in the point po= 1.4616, where the function assumes the 
value r(po) = 0.8856. 
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By a partial intention, we obtain from (12.3.1) for any p > 0 
r{p 4-1) ==i>r(p). 

When p is equal to a positiTe integer n, a repeated use of the last 
equality giyes, since Jr(l)== 1, 

r(n + l) = n! 

From (12.3.1) we further obtain the relation 


(12.3.2) 




where o > 0, il > 0. If we replace here a by a it and develop the 
factor in series, it can be shown that the last relation holds 

true for complex values of a, provided that the real part of or is 
positive.^) 

By (12.3.2), the function 


(12.3.3) 


/(x; a, 1) = 


— for ar > 0, 

0 for x^Oy 


has, with respect to the variable x, the fundamental properties of a 
frequency function (cf 6.6): the function is always non-negative, and 
its integral over (—00,00) is equal to 1. The corresponding distribu¬ 
tion plays an important rdle in the applications (cf e. g. 18.1 and 
19.4). It has the characteristic function 



(12.3.4) 


r(X) 


00 

I 




rW 

r(i) (a-itY 


1 



12.4, The Beta function. — The Beta function B(p, g) is defined 
for all real p > 0, 9 > 0 by the integral 


*) A reader acqaaioted with Caaehj's theorem on complex intefration will be 
able to deduce the validity of (12.8.2) for complex a by a simple application of that 
tbeorem. 
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(12.4.1) B(p,q)=: /*»>-»(l -xy-'dx. 

0 


We shall prove the important relation 

(12.4.2) 

The integral 

00 

j = r(p) 


regarded as a function of the parameter ^ satisfies the conditions of 
the integration theorem of 7.3 for any interval (f, oo) with £ > 0, so 
that we have 

r(p) f ti-'e-*dt = f dx f Ix+’-'x'-* «-“•+*> d<. 

0 U 0 


When e tends to sero, the first member tends to r(p)r(q). In the 
second member, the integral with respect to t tends increasingly to the 




limit r(p -f g)r; —^— r^, which is integrable with reapect to x over 

(1 + 

(0, GO). According to (5.5.2) we then obtain 


r{p) r{q) = r(p + q)j 

0 

X 

Introducing the new variable y = ^ ^ ^ integral, we obtain the 

relation (12.4.2). 

Taking in particular p = q in (12.4.2) we obtain, introducing the 
new variable y = 2x— 1, 

1 1 

(12.4.S) = Jaf-‘(l-*)'"'d* = 2’-*'’J(l-y*)»-‘dy. 

0 0 

For p = J this gives 

1 

0 


127 




13.4IH5 


On the other hand, putting in (12.4.3) = we obtain 


r*(p) 

r(2p) 


1 

2 >-»p J (1 = 

0 


(12.4.4) 


9*P-1 

r{2p) = ~r(p)r{p + i). 


If we define a function |I(x; p, 9) by the relation 
(12.4.6) fi(x; p,q) = 

for 0 < 05 < 1, and put ^(x; p,g) = 0 outside that interval, it follows 
from (12.4.1) and (12.4.2) that this function has the fundamental pro¬ 
perties of a frequency function. The corresponding distribution, which 
has its total mass confined to the interval (0,1), will be further dis¬ 
cussed in 18.4. 


12.5. Stirling's formula. — We now proceed to deduce a famous 
formula due to Stirling, which gives an asymptotic expression for F (p) 
when p is large. We shall first prove the relation 


(12.5.1) 


r(p) = lim 

n-*vo 


n\ 

p(p + \) . . . (p + n) 


for any p > 0. 

By repeated partial integration we obtain 


fa-p-i /i _ d* =_ ”■ _ 

J \ «/ p(p + l)...lp^ n) 

0 

00 

The first member of this relation may be written aa J g (x, n) dz, 

0 

g (x, n) = ccP“' ^1 — for 0 < x < w, and g (x, n) = 0 for x ^ w. As n 

tends to infinity, p(x, w) tends to for every x > 0, and it is 

easily seen that we always have 0 ^ ^(x, w) < x^*"* Hence by 
(5.5.2) we obtain (12.5.1). 

It follows from (12.5.1) that log r(p) = lim Sn, where 
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II 


n 



Applying the £aler*MacLaurin fonnnla (12.2.3) to both sums in the 
laat exprettion, we obtain after some reductions 


== (p — J) logp — (p + w + 



As n tends to infinity, the second term on the right-hand side tends 
to —■ p, while the two integrals are convergent (though not absolutely), 
owing to the fluctuations of sign of Pi(x). Thus we obtain 

(12.6.2) log r (p) = (p — J) log p — p + * + il (p), 

where ifc is a constant, and the remainder term E (p) has the expression 



am 

p X 


dx. 


This integral may be transformed by repeated partial integration, as 
shown in (12.2.4), and we obtain in this way 


■R (P) - 2 2,(2» J1)p»-> ^ 1)'(2*)! 

1 0 

for ^ = 0,1,2,... For any ^ > 0, the integral appearing here is 
absolutely convergent, and its modulus is smaller than 

. f dx ^ A 


where A is a constant. It follows in particular that E{p} 0 as 

P —♦ 00 . 

In order to find the value of the constant k in (12.5.2), we observe 
that by (12.4.4) we have 

log r(2p) = log r(p) + log r{p + j) + (2p — i) log 2 — j log 7t. 
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Substituting here for the F-functions their expressions obtained from 
(12.5.2), and allowing p to tend to infinity, we find after some reductions 

i log 2 ft. 

We have thus proved the Stirling formula : 


(12.5.3) log r(p) = (p - 4) log p -p -h * log 2 TT 4. E (p), 


where 


«(p)- / 


p + X 12p 



1 

12 p 



From Stirling's formula, we deduce i. a. the asymptotic expressions 
w! = r(n + l)c\>V27rn, 


and further, when p <3o while h remains fixed, 


r(p4-^) 

r(p) 


CO p^. 


By differentiation, we obtain from Stirling’s formula 


(12.6.4) 


r^) 

rip) 


logp - 


2p 


QD 

{ i>.(x) 

3 + xf 


dXf 


r'{p) _ ( rip) Y ^ 1 . _L 
rip) \r{p)} p^2p^ 


+ 2 


J (p -f x)* 


dx. 


For p ~ 1, the first relation gives 

(12.6.6) r (1) = - * - dx - \-j ^ dx - C, 

0 1 

where C is Euler's constant defined by (12.2.7). — Differentiatiog the equation 
r{p + l)*=pr(p), we further obtain 


^P±}) I ^ 
r(p-fij “p’^r(p)’ 
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(12.6.6) + 

An application of the Enler-MacLanrin formula (12.2.8) giree 






n 


Taking p ^ n in the second relation (12.6.4), we thus obtain (cf p. 128; 

oD n-1 

2 1__ "V i 

6 

n 1 


(12.6.7) 


r'{n) __ / r(n) \ 
r(n) \r(n)/ 


12.6. Orthogonal polynomials. — Let -F(x) be a distribution function 
with finite moments (cf 7.4) of all orders. We shall say that Xo is 
a point of increase for /’(a:), if F(xq + h) > F(cCo — h) for every h > 0. 

Suppose first that the set of all points of increase of F is infinite. 
We shall then show that there exists a sequence of polynomials 
Po(^)i Pi(^\ ■ • • uniquely determined by the following conditions: 

a) pn {x) is of degree n, and the coefficient of in pn (x) is positive. 

b) The Pn[x) satisfy the orthogonality conditions 




The Pn(x) will be called the orthogonal polynomials associated with the 
distribution corresponding to i^(x). 

We first observe that for any w ^ 0 the quadratic form in the 
« + 1 variables u^, m, , . . ., Wn 


J {Uo -i- UiX + -h UnX^ydF{x) — 2 Oi + kUiUk 

-to i, *«0 


is definite positive. For by hypothesis has at least n 4- 1 points 

of increase, and at least one of these must be different from all the 
n zeros of + • • • 4 Wn XT’*, so that the integral is always positive as 
long as the ut are not all equal to zero. It follows (cf 11.10) that 
the determinant of the form is positive: 



Oo 

.. 

. On 


«1 

Of, . . 

. o„+i 


an 

ttn+l . • 

. Oan 
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Obviously we must have p^(x) = 1. Now write 
Pn(a?)«ao + + ••• + 

where n > 0, and try to determine the coefficients from the condi 
tions a) and b). Since every pt[x) is to have the precise deg^ree t, 
any power can be represented as a linear combination of Pti(x ),.. 

It follows that we must have 


/ a^pn(x)dF{x)^0 


for t = 0, 1, . . n — 1. Carrying^ out the integ^rations, we thus have 
n linear and homogeneous equations between the n + 1 unknowns 
Uq, . . fin, and it follows that any polynomial Pn(x) satisfying our 
conditions must necessarily be of the form 


( 12 . 6 . 1 ) 


Pn(x)^K 


ffo 

«1 • 

. On 

Un-l On . 

. . Oan-1 

|i 

X . 

. . X^ 


where iC is a constant For iT ^ 0, this polynomial is of precise 
degree n, as the coefficient of in the determinant is Dn-i > 0. 
Thus pn(x) is uniquely determined by the conditions that f pldF= 1 
and that the coefficient of should be positive.') We have thus 
established the existence of a uniquely determined sequence of ortho¬ 
gonal polynomials corresponding to any distribution with an infinite 
number of points of increase. 

If F(a7) has only N points of increase, it easily follows from the 
above proof that the pn(x) exist and are uniquely determined for 
f7 = 0, 1, ...,N~1. The determinants Dn are in this case still posi¬ 
tive for w = 0 , 1, . . ., jV — 1, but for « ^ W we have 2>» = 0 . 

Consider in particular the case of a distribution with a continuous 
frequency function f(x) == F'(x), and let Po(x), ... be the corresponding 
orthogonal polynomials. If g(x) is another frequency function, we 
may try to develop g(x) in a series 

(12.6.2) g (x) = hoPo(x)/(x) -t- 6,Pi(x)/(a?) -f • • • 

*) It can be shown that jr = (Dn~i Dn)”^. Cf e. g. 8zeg6, Ref. 86. 
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Multiply with pn (^) and suppose that we may integprate term by term. 
The orthogonality relations then give 

«0 

(12.6.3) bn = fpn (as) ff (as) dx. 

— 00 

Thus in particular 6o=l. Expansions of this type may sometimes 
render good service for the analytic representation of distributions. 
— We shall now give some examples of orthogonal polynomials. 

1. The Hermite polynomials Hn(x) are defined by the relations 

(12.6.4) = (-!)*fr,(x)e'T (n = 0, 1, 2, . . .). 

Hn[x) is a polynomial of degree n, and we have 

(12.6.5) JETj (x) = x* — 3 X, (x) = x* — 6 x* -f- 3, 

iTfllx) = X® - lOx* + 15x, H^(x) = X® - 15x® + 45x* - 15, 


By repeated partial integration, we obtain the relation 
00 00 

(12.6.6) fff^(x)If„(x)d0(x}^:J^ f ir„(x)ir,(x)e-Tda:=|”‘ 

J V2nJ (0 forwiT^w, 

— 00 

•)| is the sequence of orthogonal poly- 


which shows that 


nomials associated with the normal distribution defined by (10.5.3). 
We also note the expansions 


(12.6.7) 
and 

( 12 . 6 . 8 ) 






j, g.(x)ir,(y) ^ 


vl 


^ <*x*+l»y> —2/xy 

-i_" a (!-<•) 


(l<l<i)- 


The first of these follows simply from the definition (12.6.4). A proof of 
(12.6.8) given by Cram4r will be found in Charlier, Ref. 9 a, p. 50—53. 

2. Tbe Lagaerre polynomialB are deflned by the relations 

(^)" => (- 1)» nl Xjf’ (x) x*-< t-*, 
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which giTc 

X, (x) « 1, Li (x) « X — X, X» (x) 
By repemted partiftl integration we find 


x^~-aa + Dx-f xg + i) 
2 


is the sequence of orthogonal polynomials associated with 

the distribution defined by the frequency function /(x; a, X) considered in (12.3.3), 
when we take a ^ 1. 


so that 


I gw 


for m = », 
for m n, 


3. Consider the distribution obtained by placing the mass in each of the K 


points Xi, Xa, . . Xj^. The corresponding distribution function is a step-function with 

a step of height ^ in each xi. Let po(^)> • ■ associated orthogonal 

polynomials, which according to the above are uniquely determined. The orthogonality 
relations then reduce to 


I«1 ' 


for m — n, 
for m 7 ^ n. 


These polynomials may be used with advantage e. g. in the following problem. Sup* 
pose that we have N observed points (xi, . . ., and want to find the para¬ 

bola y qix) of degree n < which gives the closest Jit to the observed ordinates, 
in the sense of the principle of least squares, i. e. such that 

N 

1=1 


becomes a minimum. We then write ^(x) in the form 

q{x) = CoP*(x) -f • • • 4- Cn pnCx), 

and the ordinary rules for finding a minimum now immediately give 

N 

for r » 0,1,..., n, while the corresponding minimum value of U is 

N 

Vmln = .. ' 1 - 

1 = 1 

The case when the points are equidistant is particularly important in the applica¬ 
tions. In that case, the numerical calculation of q{x) and Umin may be performed 
with a comparatively small amount of labour. Cf e. g. Esscher (Ref. 82) and Aitken 
(Ref. 60). — Cf further the theory of parabolic regression in 21.6. 
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SECOND PART 

RANDOM VARIABLES 
AND PROBABILITY DISTRIBUTIONS 




Chapters 13—14. Foundations. 


CHAPTER 13. 

Statistics and Probability. 

13.1. Random experiments. — In the most varied fields of practi¬ 
cal and scientific activity, cases occur where certain experiments or 
observations may be repeated a large number of times under similar 
circumstances. On each occasion, our attention is then directed to a 
result of the observationy which is expressed by a certain number of 
characteristic features. 

In many cases these characteristics directly take a quantitative 
form: at each observation something is counted or measured. In other 
cases, the characteristics are qualitative: we observe e. g. the colour 
of a certain object, the occurrence or non-occurrence of some specified 
event in connection with each experiment, etc. In the latter case, it 
is always possible to express the characteristics in numerical form 
according to some conventional system of notation. Whenever it is 
found convenient, we may thus always suppose that the result of each 
observation is expressed by a certain number of quantities. 


1. If we make a series of throws with an ordinary die, each throw yields as its 
result one of the numbers 1, 2,..., 6. 

2. If we measure the length and the weight of the body of each member of a 
group of animals belonging to the same species, every individual gives rise to an 
observation, the result of which is expressed by two numbers. 

3. If, in a steel factory, we take a sample from every day’s production, and 
measure its hardness, tensile strength and percentage of coal, sulphur and phosphorus, 
the result of each observation is given by five numbers. 

4. If we observe at regular time intervals the prices of k different commodities, 
the result of each observation is expressed by k numbers. 

5* If we observe the sex of every child born in a certain district, the result of 
each observation is not directly expressed by numbers. We may, however, agree to 
denote the birth of a boy by 1, and the birth of a girl by 0, and thus conventionally 
express our results in numerical form. 
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In some eases we know the phenomenon under inyestigation suffi¬ 
ciently well to feel justified in making exact predictions with respect 
to the result of each individual observation. Thus if our experiments 
consist in observing, for every year, the number of eclipses of the 
sun visible from a given observatory, we do not hesitate to predict, 
on the strength of astronomical calculations, the exadt value of this 
number. A similar situation arises in every case where it is assumed 
that the laws governing the phenomena are known, and these laws are 
sufficiently simple to be used for calculations in practice. 

In the majority of cases, however, our knowledge is not precise 
enough to allow of exact predictions of the results of individual 
observations. This is the situation, e. g., in all the examples 1—5 
quoted above. Even if the utmost care is taken to keep all relevant 
circumstances under control, the result may in such cases vary from 
one observation to another in an irregular way that eludes all our 
attempts at prediction. In such a case, we shall say that we are 
concerned with a sequence of random experiments. 

Any systematic record of the results of sequences of this kind will 
be said to constitute a set of statistical data relative to the pheno¬ 
menon concerned. The chief object of statistical theory is to in¬ 
vestigate the possibility of drawing valid inferences from statistical 
data^ and to work out methods by which such inferences may be 
obtained. As a preliminary to the discussion of these questions, wo 
shall in the two following paragraphs consider some general properties 
of random experiments. 

13.2. Examples. — It does not seem possible to give a precise 
definition of what is meant by the word »random>. The sense of the 
word is best conveyed by some examples. 

If an ordinary coin is rapidly spun several times, and if we take 
care to keep the conditions of the experiment as uniform as possible 
in all respects, we shall find that we are unable to predict whether, 
in a particular instance, the coin will fall »heads» or »tails». If the 
first throw has resulted in heads and if, in the following throw, we 
try to give the coin exactly the same initial state of motion, it will 
still appear that it is not possible to secure another case of heads. 
Even if we try to build a machine throwing the coin with perfect 
regularity, it is not likely that we shall succeed in predicting the 
results of individual throws. On the contrary, the result of the ex¬ 
periment will always fluctuate in an uncontrollable way from one 
instance to another. 
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At first, this may seem rather difficult to explain. If we accept 
a deterministic point of view, we must maintain that the result of 
each throw is uniquely determined by the initial state of motion of the 
coin (external conditions, such as air resistance and physical properties 
of the table, bein^j regarded as fixed). Thus it would seem theoretic¬ 
ally possible to make an exact prediction, as soon as the initial state 
is known, and to produce any desired result by starting from an 
appropriate initial state. A moment’s reflection will, however, show 
that even extremely small changes in the initial state of motion must 
be expected to have a dominating influence on the result. In practice, 
the initial state will never be exactly known, but only to a certain 
approximation. Similarly, when we try to establish a perfect uniformity 
of initial states during the course of a se(|uence of throws, we shall 
never be able to exclude small variations, the magnitude of which 
depends on the precision of the mechanism used for making the throws. 
Between the limits determined by the closeness of the approximation, 
there will always be room for various initial states, leading to both 
the possible final results of heads and tails, and thus an exact pre¬ 
diction will always be practically impossible. — Similar remarks 
apply to the throws with a die quoted as Ex. 1 in the preceding 
paragraph, and generally to all ordinary games of chance with dice 
and cards. 

According to modern biological theory, the phenomenon of heredity 
shows in important respects a striking analogy with a game of chance. 
The combinations of genes arising in the process of fertilization seem 
to be regulated by a mechanism more or less resembling the throwing 
of a coin. In a similar way as in the case of the coin, extremely 
small variations in the initial position and motion of the gametes 
may produce great differences in the properties of the offspring. 
Accordingly we find here, e. g. with respect to the sex of the offspring 
(Ex. 5 of the preceding paragraph), the same impossibility of indivi¬ 
dual prediction and the same »random fluctuations» of the results as 
in the case of the coin or the die. 

Next, let us imagine that we observe a number of men of a given 
age during a period of, say, one year, and note in each case whether 
the man is alive at the end of the year or not. Let us suppose that, 
with the aid of a medical expert, we have been able to collect detailed 
information concerning health, occupation, habits etc. of each ob¬ 
served person. Nevertheless, it will obviously be impossible to make 
exact predictions with regard to the life or death of one particular 
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person, since the causes leading to the ultimate result are far too 
numerous and too complicated to allow of any precise calculation. 
Eren for an observer endowed with a much more advanced biological 
knowledge than is possible at the present epoch, the practical con¬ 
clusion would be the same, owing to the multitude and complexity of 
the causes at work. 

In the examples 2 and 4 of the preceding paragraph, the situation 
seems to be largely analogous to the example just discussed. The laws 
governing the phenomena are in neither case very well known, and 
even if they were known to a much greater extent than at present, 
the structure of each case is so complicated that an individual predic- 
tion would still seem practically impossible. Accordingly, the observa¬ 
tions show in these cases, and in numerous other cases of a similar 
nature, the same kind of random irregularity as in the previous 
examples. 

It is important to note that a similar situation may arise even in 
cases where we consider the laws of the phenomena as perfectly known, 
provided that these laws are sufficiently complicated. Consider e. g. 
the case of the eclipses of the sun mentioned in the preceding para¬ 
graph. We do assume that it is possible to predict the annual num¬ 
ber of eclipses, and if the requisite tables are available, anybody 
can undertake to make such predictions. Without the tables, however, 
it would be rather a formidable task to work out the necessary calcu¬ 
lations, and if these difficulties should be considered insurmountable, 
prediction would still be practically impossible, and the fluctuations 
in the annual number of eclipses would seem comparable to the 
fluctuations in a sequence of games of chance. 

Suppose, Anally, that our observations consist in making a series 
of repeated measurements of some physical constant, the method of 
measurement and the relevant external conditions being kept as uni¬ 
form as possible during the whole series. It is well known that, in 
spite of all precautions taken by the observer, the successive measure¬ 
ments will generally yield different results. This phenomenon is com¬ 
monly ascribed to the action of a large number of small disturbing 
factors, which combine their effects to a certain total »error* affecting 
each particular measurement. The amount of this error fluctuates from 
one observation to another in an irregular way that makes it impos¬ 
sible to predict the result of an individual measurement. — Similar 
considerations apply to cases of fluctuations of quality in manufac¬ 
tured articles, such as Ex. 3 of the preceding paragraph. Small and 
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nnooiitroUable Tftriations in the production process and in the quality 
of raw materials will combine their effects and produce irre^lar 
dnctnations in the final product. 

The examples discussed abore are representative of large and 
important groups of random experiments. Small variations in the 
initial state of the observed units, which cannot be detected by our 
instruments, may produce considerable changes in the final result. 
The complicated character of the laws of the observed phenomena 
may render exact calculation practically, if not theoretically, impossible. 
Uncontrollable action by small disturbing factors may lead to irregular 
deviations from a presumed »true value». 

It is, of course, clear that there is no sharp distinction between 
these various modes of randomness. Whether we ascribe e. g. the 
fluctuations observed in the results of a series of shots at a target 
mainly to small variations in the initial state of the projectile, to the 
complicated nature of the ballistic laws, or to the action of small 
disturbing factors, is largely a matter of taste. The essential thing 
is that, in all cases where one or more of these circumstances are 
present, an exact prediction of the results of individual experiments 
becomes impossible, and the irregular fluctuations characteristic of 
random experiments will appear. 

We shall now see that, in cases of this character, there appears 
amidst all irregularity of fluctuations a certain typical form of regula¬ 
rity, that will serve as the basis of the mathematical theory of sta¬ 
tistics. 


13.3. Statistical regularity. — We have seen that, in a sequence 
of random experiments, it is not possible to predict individual results. 
These are subject to irregular random fluctuations which cannot be 
submitted to exact calculation. However, as soon as we turn our 
attention from the individual experiments to the whole sequence of 
experiments^ the situation changes completely, and an extremely im¬ 
portant phenomenon appears: In spite of the irregular behaviour of 
individual results^ the average results of long sequences of random ex¬ 
periments show a striking regularity. 

In order to explain this important mode of regularity, we consider 
a determined random experiment ®, that may be repeated a large 
number of times under uniform conditions. Let S denote the set of 
all a priori possible different results of an individual experiment, 
while S denotes a fixed subset of S. If, in a particular experiment. 
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we obtain a result $ belonging: to the subset S, we shall say that the 
event defined by the relation ^ or briefly the event £ < 5, has 
occurred.^) We shall often also denote an event by a single letter E, 
writing E E(^ < S)^ and we may then speak without distinction of 
»the event E» or »the event f < 5*. 

When onr experiment consists in throwing a die, the set S contains the six 
numbers 1, 2,.. 6. Let 8 denote e. g. the snbset containing the three numbers 

2, 4, 6. The erent ^ < S then occurs at any throw resulting in an even number of 
points. 

When we are concerned with measurements of some physical constant x, the 
value ot which is a priori completely unknown, it may be at least theoretically pos¬ 
sible for a measurement to yield as its result any real number, and accordingly the 
set S would then be the one-dimensional space . Let 8 denote e. g. the closed 
interval (a, b). The event ^ < 8 then occurs every time a measurement yields a value 
{ belonging to (a, 6). 

Let us now repeat our experiment (S a large number of times, and 
observe each time whether the event E = E{S < S) takes place or not. 
If we find that, among the n first experiments, the event E has 
occurred exactly r times, the ratio v/n will be called the frequency 
ratio or simply the frequency of the event E in the sequence formed 
by the n first experiments. 

Now^ if we observe the frequency rjn of a fixed event E for increasing 
values of n, we shall generally find that it shotvs a marked tendency to 
become more or less constant for large values of w. 

This phenomenon is illustrated by Fig. 3, which shows the varia¬ 
tion of the frequency vjn of the event »heads» within a sequence of 
throws with a coin. As shown by the figure, the frequency ratio 
fluctuates violently for small values of t?, but gradually the amplitude 
of the fluctuations becomes smaller, and the graph may suggest the 
impression that, if the series of experiments could be infinitely con¬ 
tinued under uniform conditions, the frequency would approach some 
definite ideal or limiting value very near to i. 

It is an old experience that this stability of frequency ratios usu¬ 
ally appears in long series of repeated random observations, performed 
under uniform conditions. For an event of the type ^ < S observed 
in connection with such a series, we shall thus as a rule obtain a 
graph of the same general character as in the particular case illustrated 

') We asstime here that 8 is some set of simple stractore, so that it may be 
directly observed whether { belongs to 8 or not. In the following chapter, the ques¬ 
tion will be considered from a more general point of view. 
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Fig. 3. Frequency ratio of •heads* in a sequence of throws with a coin. Logarithmic 

scale for the abscissa. 

by Figf. 3. Moreover, in a case where this statement is not true, a 
careful examination will usually disclose some definite lack of uni¬ 
formity in the conditions of the experiments. We mig^ht thus be 
tempted to advance a conjecture that, g^enerally, a frequency of the 
type here considered would approach a definite ideal Walue, if the 
corresponding series of experiments could be infinitely continued. 

A conjecture of this kind can, of course, neither be proved nor 
disproved by actual experience, since we can never perform an infinite 
sequence of experiments. The experiments do, however, strongly support 
the less precise conjecture that, to any ecent E connected with a random 
experiment S, we should he able to ascribe a number P such that^ in a 
long series of repetitions of (£, the frequency of E would be approxim¬ 
ately equal to P, 

This is the typical form of statistical regularity which constitutes 
the empirical basis of statistical theory. We must now attempt to 
give a precise meaning to the somewhat vague expressions used in 
the above statement, and we shall further have to investigate the laws 
that govern this mode of regularity, and to show how these laws may 
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be applied in drawings inferences from statistical data. In order to 
carry out this task, we shall in the first place try to work out a 
mathematical theory of phenomena showing statistical regularity. Be¬ 
fore attempting to do this it will, however, be convenient to give in 
the following paragraph some general remarks concerning the nature 
and object of any mathematical theory of a group of empirically 
observed phenomena. 


Historically, this remarkable beharioor of frequency ratios was first obserred in 
the field of games of chance, of which onr example with the coin forms a particularly 
simple case. Already at an early epoch, it was observed that, in all current games 
with cards, dice etc., the frequency of a given result of a certain game seemed to 
cluster in the neighbourhood of some definite value, when the game was repeated a 
large number of times. The attempts to give a mathematical explanation of certain 
observed facts of this kind became the immediate cause of the origin (about 1660) 
and first development of the Mathematical Theory of Probability, under the hands of 
Pascal, Fermat, Huygens and James Bernoulli. A little later, the same type of regularity 
was found to occur in frequencies connected with various demographic data, and the 
theory of population statistics was based on this fact. Gradually, the field of applica¬ 
tion of statistical methods widened, and at the present time we may regard it as an 
established empirical fact that the »long run stability* of frequency ratios is a general 
characteristic of random experiments, performed under uniform conditions. 

In some cates, especially when we are concerned with observations on individuals 
from human or other biological populations, this statistical regularity is often in¬ 
terpreted by considering the observed units as iample$ from some very large or even 
infinite parent population. 

Consider first the case of a finite population, consisting of N individuals. For 
any individual that comes under observation we note a certain characteristic and 
we denote by E some specified event of the type ^ c S. The frequency of JE7 in a 
sample of n observed individuals tends, as the size of the sample increases, towards 
the frequency of E in the total population, and actually reaches this value when we 
take n » AT, which means that we observe every individual in the whole population. 

The idea of an infinite parent population is a mathematical abstraction of the 
same kind as the idea that a given random experiment might be repeated an infinite 
number of times. We may consider this as a limiting case of a finite population, 
when the number N of individuals increases indefinitely. The frequency of the event 
E in % sample of n individuals from an infinite population will always be subject to 
random fiuctuations, as long as n is finite, but it moy seem natural to assume that, 
for indefinitely increasing values of n, this frequency would ultimately reach a »trne» 
value, corresponding to the frequency of E in the total infinite population. 

This mode of interpretation by means of the idea of sampling may even be ex¬ 
tended to any type of random experiment. We may, in fact, conceive of any finite 
sequence of repetitions of a random experiment ns a sample from the hypothetical 
infinite population of all experiments that might have been performed under the given 
conditions. — We shall return to this matter in Ch. 26, where the idea of sompllog 
will be further discussed. 
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13.4. Object of m mathenuitlcal thooiy. — When, in some group 
of observable phenomena, we find evidence of a confirmed regularity, 
we may try to form a mathematical theory of the subject. Such a 
theory may be regarded as a matheniatieal model of the body of 
empirical facts which constitute our data. 

We then choose as our starting point some of the most essential 
and most elementary features of the regularity observed in the data. 
These we express, in a simplified and idealized form, as mathematical 
propositions which are laid down as the basic axioms of our theory. 
From the axioms, various propositions are then obtained by purely 
logical deduction, without any further appeal to experience. The 
logically consistent system of propositions built up in this way on an 
axiomatic basis constitutes our mathematical theory. 

Two classical examples of this procedure are provided by Geometry 
and Theoretical Mechanics. Geometry, e. g., is a system of purely 
mathematical propositions, designed to form a mathematical model of 
a large group of empirical facts connected with the position and con¬ 
figuration in space of various bodies. It rests on a comparatively 
small number of axioms, which are introduced without proof. Once 
the axioms have been chosen, the whole system of geometrical pro¬ 
positions is obtained from them by purely logical deductions. In the 
choice of the axioms we are guided by the regularities found in 
available empirical facts. The axioms may, however, be chosen in 
difiEerent ways, and accordingly there are several different systems of 
geometry : Euclidean, Lobatschewskian etc. Each of these Js a logic¬ 
ally consistent system of mathematical propositions, founded on its 
own set of axioms. — In a similar way, theoretical mechanics is a 
system of mathematical propositions, designed to form a mathematical 
model of observed facts connected with the equilibrium and motion 
of bodies. 

Every proposition of such a system is true, in the mathematical 
sense of the word, as soon as it is correctly deduced from the axioms. 
On the other hand, it is important to emphasize that no proposition 
of any mathematical theory proves anything about the events that 
will, in fact, happen. The points, lines, planes etc. considered in pure 
geometry are not the perceptual things that we know from immediate 
experience. The pure theory belongs entirely to the conceptual 
sphere, and deals with abstract objects entirely defined by their pro¬ 
perties, as expressed by the axioms. For these objects, the proposi¬ 
tions of the theory are exactly and rigorously true. But no proposi* 
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tion about such conceptual objects will ever involve a logical proof 
of properties of the perceptual things of our experience. Mathe> 
matical arguments are fundamentallj incapable of proving physical 
facts. 

Thus the Euclidean proposition that the sum of the angles in a 
triangle is equal to tc is rigorously true for a conceptual triangle as 
defined in pure geometry. But it does not follow that the sum of the 
angles measured in a concrete triangle will necessarily be equal to 
just as it does not follow from the theorems of classical mechanics 
that the sun and the planets will necessarily move in conformity with 
the Newtonian law of gravitation. These are questions that can only 
be decided by direct observation of the facts. 

Certain propositions of a mathematical theory may, however, be 
tested hy experience* Thus the Euclidean proposition concerning the 
sum of the angles in a triangle may be directly compared with actual 
measurements on concrete triangles. If, in systematic tests of this 
character, we find that the verifiable consequences of a theory really 
conform with sufficient accuracy to available empirical facts, we may 
feel more or less justified in thinking that there is some kind of re¬ 
semblance between the mathematical theory and the structure of the 
perceptual world. We further expect that the agreement between 
theory and experience will continue to hold also for future events and 
for consequences of the theory not yet submitted to direct verification, 
and we allow our actions to be guided by this expectation. 

Such is the case, e. g., with respect to Euclidean geometry. When¬ 
ever a proposition belonging to this theory has been compared with 
empirical observations, it has been found that the agreement is suffi¬ 
cient for all ordinary practical purposes. (It is necessary to exclude here 
certain applications connected with the recent development of physics.) 
Thus, although it can never be logically proved that the sum of the 
angles in a concrete triangle must be equal to rr, we regard it as 
practically certain — i. e. sufficiently certain to act upon in practice — 
that our measurements will yield a sum approximately eqtial to this 
value. Moreover, we believe that the same kind of agreement will be 
found with respect to any proposition deduced from Euclidean axioms, 
that we may have occasion to test by experience. 

Naturally, our relying on the future agreement between theory and 
experience will grow more confident in the same measure as the 
accumulated evidence of such agreement increases. The »practical 
certainty* felt with respect to a proposition of Euclidean geometry 
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will be difEerent from that connected with, say, the second law of 
thermodynamics. Further, the closeness of the agreement that we 
may reasonably expect will not always be the same. Whereas in 
some cases the most sensitive instruments have failed to discover 
the slightest disagreement, there are other cases where a scientific 
»law» only accounts for the main features of the observed facts, the 
deviations being interpreted as »errors» or »disturbances 

In a case where we have found evidence of a more or less accurate 
and permanent agreement between theory and facts, the mathematical 
theory acquires a practical value, quite apart from its purely mathe¬ 
matical interest. The theory may then be used for various purposes. 
The majority of ordinary applications of a mathematical theory may 
be roughly classified under the three headings: Description, Analysis 
and Prediction. 

In the first place, the theory may be used for purely descriptive 
purposes. A large set of empirical data may, with the aid of the theory, 
be reduced to a relatively small number of characteristics which repre¬ 
sent, in a condensed form, the relevant information supplied by the 
data. Thus the complicated set of astronomical observations concerning 
the movements of the planets is summarized in a condensed foi*m by 
the Oopemican system. 

Further, the results of a theory may be applied as tools for a 
scientific analysis of the phenomena under observation. Almost every 
scientific investigation makes use of applications belonging to this 
class. The general principle behind such applications may be thus 
expressed: Any theory which does not Jit the facts must be modijied. Sup¬ 
pose, e. g., that we are trying to find out whether the variation of a 
certain factor has any influence on some phenomena in which we are 
interested. We may then try to work out a theory, according to which 
no such influence takes place, and compare the consequences of this 
theory with our observations. If on some point we find a manifest 
disagreement, this indicates that we should proceed to amend our 
theory in order to allow for the neglected influence. 

Finally, we may use the theory in order to predict the events that 
will happen under given circumstances. Thus, with the aid of geo¬ 
metrical and mechanical theory, an astronomer is able to predict the 
date of an eclipse. This constitutes a direct application of the prin¬ 
ciple mentioned above, that the agreement between theory and facts 
is expected to hold true also for future events. The same principle is 
applied when we use our theoretical knowledge with a view to produce 
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some determined event, as e. g. when a ballistic expert shows how to 
direct a gun in order to hit the target. 

13.5. Mathematical probability. — We now proceed to work out 
a theory designed to serve as a mathematical model of phenomena 
showing statistical regularity. We want a theory which takes account 
of the fundamental facts characteristic of this mode of regularity, and 
which may be put to use in the various ways indicated in the pre¬ 
ceding paragraph. 

In laying the foundations of this theory, we shall try to imitate 
as strictly as possible the classical construction process described in 
the preceding paragraph. In the case of geometry, e. g., we know that 
by certain actions, such as the appropriate use of a ruler and a piece 
of chalk, we may produce things known in everyday language as 
points, straight lines etc. The empirical study of the properties of 
these things gives evidence of certain regularities. We then postulate 
the existence of conceptual counterparts of the things: the points, 
straight lines etc. of pure geometry. Further, the fundamental fea¬ 
tures of the observed regularities are stated, in an idealized form, as 
the geometrical axioms. 

Similarly, in the case actually before us, we know that by certain 
actions, viz. the performance of sequences of certain experiments, we 
may produce sets of observed numbers known as frequency ratios. 
The empirical study of the behaviour of frequency ratios gives evidence 
of a certain typical form of regularity, as described in 13.3. Consider 
an event E connected with the random experiment (S. According to 
13.3, the frequency of in a sequence of n repetitions of S shows a 
tendency to become constant as n increases, and we have been led to 
express the conjecture that for large w the frequency ratio would with 
practical certainty be approximately equal to some assignable num¬ 
ber P. 

In our mathematical theory, we shall accordingly introduce a definite 
number P, which unU be called the probability of the event E with respect 
to the random experiment 

Whenever we say that the probability of an event E with respect to 
an experiment ® is equal to P, the concrete meaning of this assertiiyn 
will thus simply be the following: In a long series of repetitions of @, 
it is practically certain that the frequency of E will be approximately 
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equal to P.') — This statement mil he referred to as the frequency in- 
terpretaiion of the prohabiHty P. 

The probability nomber P introduced in this way provides a concep¬ 
tual counterpart of the empirical frequency ratios. It will be observed 
that, in order to define the probability P, both the type of random 
experiment d and the event E must be specified. Usually we shall, 
however, regfard the experiment S as fixed, and we may then without 
ambiguity simply talk of the probability of the event E. 

For the further development of the theory, we shall have to con¬ 
sider the fundamental properties of frequency ratios and express these, 
in an idealized form, as statements concerning the properties of the 
corresponding probability numbers. These statements, together with 
the existence postulate for the probability numbers, will serve as the 
axioms of our theory. — In the present paragraph, we shall only add 
a few preliminary remarks; the formal statement of the axioms will 
then be given in the following chapter. 

For any frequency ratio v/n we obviously have 0 ^ v/n ^ 1. Since, 
by definition, any probability P is approximately equal to some fre¬ 
quency ratio, it will be natural to assume that P satisfies the corres¬ 
ponding inequality 

O^P^l, 

and this will in fact be one of the properties expressed by our axioms. 

If P is an impossible event, i. e. an event that can never occur at 
a performance of the experiment @, any frequency of E must be zero; 
and consequently we take P = 0. — On the other hand, if we know 
that for some event E we have P = 0, then E is not necessarily an 
impossible event. In fact, the frequency interpretation of P only 
implies that the frequency v/n of E will for large n be approximately 
equal to zero, so that in the long run E will at most occur in a very 
small percentage of all cases. The same conclusion holds not only when 
P = 0, but even under the more general assumption that 0 ^ P < «, 
where s is some very small number. If E is an event of this type, and 
if the experiment ffi is performed one single time, it can thus be con¬ 
sidered as practically certain that E will not occur. — This particular 
case of the frequency interpretation of a probability will often be 
applied in the sequel. 

Similarly, if P is a certain event, i. e. an event that always occurs 
at a performance of 6, we take P« 1. — On the other hand, if we 

‘) At a later stage (ef 16.8), we shall be able to giro a more precise form to this 
statement. 
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know that P = 1, we cannot infer that E is certain, but only that in 
the long run E will occur in all but a very small percentage of cases. 
The same conclusion holds under the more general assumption that 
1 — £ < P ^ 1, where e is some very small number. If E is an event 
of this type, and if the experiment (£ is perfoimed one single time, it 
can be considered as practically certain that E will occur. ^ 


With respect to the foandatioDS of the theory of probability, many different 
opinions are represented in the literatnre. None of these has so far met with nni- 
yersal acceptance. We shall conclude this paragraph by a very brief survey of some 
of the principal standpoints. 

The theory of probability originated from the study of problems connected with 
ordinary games of chance (cf 13.3). In all these games, the results that are a priori 
possible may be arranged in a finite number of cases supposed to be perfectly sym- 
metrical, such as the cases represented by the six sides of a die, the 62 cards in an 
ordinary pack of cards, etc. This fact seemed to provide a basis for a rational explana* 
tion of the observed stability of frequency ratios, and the 18:th century mathematicians 
were thus led to the introduction of the famous principle, of equally possible cases 
which, after having been more or less tacitly assumed by earlier writers, was ex¬ 
plicitly framed by Laplace in his classical work (Ref. 22) as the fundamental prin¬ 
ciple of the whole theory. According to this principle, a division in »equally pos¬ 
sible* cases is conceivable in any kind of observations, and the probability of an 
event is the ratio between the number of cases favourable to the event, and the to¬ 
tal number of possible cases. 

The weakness of this definition is obvious. In the first place, it does not tell us 
how to decide whether two cases should be regarded as equally possible or not. 
Moreover, it seems difficult, and to some minds even impossible, to form a precise 
idea as to how a division in equally possible cases could be made with respect to 
observations not belonging to the domain of games of chance. Much work has been 
devoted to attempts to overcome these difficulties and introduce an improved form of 
the classical definition. 


On the other hand, many authors have tried to replace the classical definition 
by something radically different. Modern work on this line has been largely in¬ 
fluenced by the generrl tendency to build any mathematical theory on an axiomatic 
basis. Thus some authors try to introduce a system of axioms directly based on the 
properties of frequency ratios. The chief exponent of this school is von Mises (Ref. 
27, 28, 169), who defines the probability of an event as the limit of the frequency v/n of 
that event, as n tends to infinity. The existence of this limit, in a strictly mathema¬ 
tical sense, is postulated as the first axiom of the theory. Though undoubtedly a 
definition of this type s^^ems at first sight very attractive, it involves certain mathe¬ 
matical difficulties which deprive it of a good deal of its apparent simplicity. Be¬ 
sides, the probability definition thus proposed would involve a mixture of empirical 
and theoretical elements, which is usually avoided in modern axiomatic theories. It 
would, e. g., be comparable to defining a geometrical point as the limit of a chalk 
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spot of infliiiteljr deoressing dimeoaions, which is uaaallj not done in modern axio* 
mntio geometry. 

A farther achool chooses the same obserrational starting-point as the frequency 
school, but avoids postulating the existence of definite limits of frequency ratios, and 
Introduces the probability of an event simply as a number associated with that event. 
The axioms of the theory, which express the rules for operating with such numbers, 
are idealised statements of observed properties of frequency ratios. The theory of 
this school has been exposed from a purely mathematical point of view by Kolmo- 
gorolT (Ref. 21). More or less similar standpoints are represented by Doob, Feller 
and Neyman (Ref. 75, 84, 80). A work of the present author (Ref. 11) belongs to the 
same order of ideas, and the present book constitutes an attempt to build the theory 
of statistics ou the same principles. 

So far, we have throughout been concerned with the theory of probability, con¬ 
ceived as a mathematical theory of phenomena showing statistical regularity. Ac¬ 
cording to this point of view, the probabilities have their counterparts in observable 
frequency ratios, and any probability number assigned to a specified event must, in 
principle, be liable to empirical verification. The differences between the various 
schools mentioned above are mainly restricted to the foundations and the mathema¬ 
tical exposition of the subject, whereas from the point of view of the applications the 
various theories are largely equivalent. 

In radical opposition to all the above approaches stands the more general 
conception of probability theory as a theory of degreet of reasonable belief repre¬ 
sented e. g. by Keynes (Ref. 20) and Jeffreys (Ref. 18). According to this theory in its 
most advanced form given by Jeffreys, any proposition has a numerically measurable 
probability. Thus e. g. we should be able to express in definite numerical terms the 
degree of »practical certainty^ felt with respect to the future agreement between 
some mathematical theory and observed facts (cf 13.4). Similarly there would be a 
definite numerical probability of the truth of any statement such as; ■The 'Masque 
de Fer' was the brother of Louis XIV», »The present European war will end within 
a year», or »There is organic life on the planet of Mar8». Probabilities of this type 
have no direct connection with random experiments, and thus no obvious frequency 
interpretation. In the present book, we shall not attempt to discuss the question 
whether such probabilities are numerically measurable and, if this question could be 
answered in the affirmative, whether such measurement would serve any useful 
purpose. 


CHAPTER 14. 

Fundamental Definitions and Axioms. 

14.1. Random variables. (Axioms 1- 2.) — Consider a determined 
random experiment (S, which may be repeated a large number of times 
under uniform conditions. We shall suppose that the result of each 
particular experiment is given by a certain number of real quantities 
Si, • 1 5*, where k^\. 
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We then introduce a correspondini^ rariable point or rector g =» 
in the iir-dimensional space We shall call § a ib-di- 
mensional random variahh}) Each performance of the experiment S 
yields as its result an observed value of the rariable §, the coordinates 
of which are the values of ...., observed on that particular 
occasion. 

Let S denote some simple set of points in Rk, say a jb-dimensional 
interval (cf 3.1), and let us consider the event § C which may or 
may not occur at any particular performance of S. We shall assume 
that this event has a definite probability P, in the sense explained in 
13.5. The number P will obviously depend on the set 5, and will 
accordingly be denoted by any of the expressions 

P = P(S) = P(§c:^). 

It is thus seen that the probability may be regarded as a set func¬ 
tion^ and that it seems reasonable to require that this set function 
should be uniquely defined at least for all ib-dimensional intervals. 
However, it would obviously not be convenient to restrict ourselves 
to the consideration of intervals. We may also want to consider the 
probabilities of events that correspond e. g. to sets obtained from 
intervals by means of the operations of addition, subtraction and 
multiplication (cf 1.3). We have seen in 2.3 and 3.3 that, by such 
operations, we are led to the class of Borel sets in Rk as a natural 
extension of the class of all intervals. It thus seems reasonable 
directly to extend our considerations to this class, and assume that 
P (iS) is defined for any Borel set. It is true that when (S' is some 
Borel set of complicated structure, the event § C 5 may not be directly 
observable, and the introduction of probabilities of events of this 
type must be regarded as a theoretical idealization. Some of the con¬ 
sequences of the theory will, however, always be directly observable, 
and the practical value of the theory will have to be judged from the 
agreement between its observable consequences and empirical facts. — 
We may thus state our first axiom: 

Axiom 1. — To any random variable § in Rk there corresponds a 
set function P (^) uniquely defined for all Borel sets S in Rk, such that 
P (S) represents the probability of the event (or relation) ^ < S. 

*) Throughout the exposition of the general theory, random variables will pre¬ 
ferably be denoted by the letters { and fj. We use heavy-faced types for multi-dimen¬ 
sional variables {k > 1), and ordinary types for one-dimensional variables. 
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As we haTe seen in 13.5, it will be natural to assume that any 
probability P satisfies the inequality 0^ P^ 1. Further, at any per* 
formance of the experiment (£, the observed value of g must lie some¬ 
where in Rk, so that the event g < is a certain event, and in ac* 
cordance with 13.5 we then take P(Rk)= 1. 

Let now and be two sets in Rk without a common point.^) 
Consider a sequence of n repetitions of S, and let 

V| denote the number of occurrences of the event g d 5j, 

Vt • » » » » * » » § < ^ 1 , 

v» » » » » »»»gc:/Si-i-5j. 

We then obviously have v = v^ + v,, and hence the corresponding 
frequency ratios satisfy the relation 

n n n 

For large values of n it is, by assumption, practically certain that 
the frequencies ^ ^ approximately equal to P(Si -f 5,), 

P(5',) and P(5,) respectively. It thus seems reasonable to require that 
the probability P should possess the additive property 

P(S,+ S.) = P(S,) + P(5.). 

The argument extends itself immediately to any finite number of sets. 
In order to obtain a simple and coherent mathematical thepry we shall, 
however, now introduce a further idealization. We shall, in fact, 
assume that the additive property of P(S) may be extended even to 
an enumerable sequence of sets ^ 2 , ..., no two of which have a 
common point, so that we have P{Si 4- iS, + ) = P(Si) 4- PiSi) 4- • • 

(As in the case of Axiom 1 this implies, of course, the introduction 
of relations that are not directly observable.) Using the terminology 
introduced in 6.2 and 8.2, we may now state our second axiom: 

Axiom 2. — The function P(S) is a non-negative and additive set 
function in Rk such that P(Rk)= 1. 

According to 6.6 and 8.4, any set function P(S) with the proper¬ 
ties stated in Axiom 2 defines a distribution in K*, that may be con¬ 
cretely interpreted by means of a distribution of a mass unit over 

') As already stated in 6.1, we only consider Borel sets. 
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the space Rk, such that any set S carries the mass P{S), This dis> 
tribution will be called the probability distribution of the random 
▼ariable and the set function P(S) will be called the probability 
function (abbreviated pr./.) of §. Similarly, the point function F(x) ~ 
/*(xi, .. M corresponding to P(S)^ which is defined by (6.6.1) in the 
case A; = 1, and by (8.4.1) in the general case* will be called the dis¬ 
tribution function (abbreviated d.f) of g. As shown in 6.6 and 8.4, 
the distribution may be uniquely defined either by the set function 
P(S) or by the point function F(»). 

Finally, we observe that the Axioms 1 and 2 may be summed up 
in the following statement: Any random variable has a unique prob¬ 
ability distribution. 

If, e. g., the experiment (S consists in making a throw with a die, and observing 
the number of points obtained, the corresponding random variable ^ is a number 
that may assume the values 1,2,..., 6, and these values only. Our axioms then 
assert the existence of a distribution in Ri with certain masses jp,, Pt,.. placed 
in the points 1,2,..., 6, such that p^ represents the probability of the event ^ * r, 
s 

while £ Pf 1* On the other hand, it is important to observe that it does not follow 
1 

from the axioms that Pf’^^X for every r. The numbers p^ should, in fact, be regarded 
as physical constants of the particular die that we are using, and the question as to 
their numerical values cannot be answered by the axioms of probability theory, any 
more than the sixe and the weight of the die are determined by the geometrical and 
meohanical axioms. However, experience shows that in a well made die the frequency 
of any event ^ « r in a long series of throws usually approaches 1, and accordingly 
we shall often assume that all the p^ are equal to 1, when the example of the die 
is used for purposes of illustration. This is, however, an assumption and not a logical 
consequence of the axioms. 

If, on the other hand, (E consists in observing the stature { of a man belonging 
to some given group, { may assume any value within a certain part of the scale, 
and our axioms now assert the existence of a non-negative and additive set function 
F{S) in A, such that P{8) represents the probability that ^ takes a value belonging 
to the set S. 

The Axioms 1 and 2 are, for the class of random variables here considered, 
equivalent to the axioms given by Kolmogoroff (Ref. 21). The axioms of Kolmogo- 
roll are, however, applicable to random variables defined in spaces of a more general 
character than those here considered. The same axioms as above were used in a work 
of the present author (Ref. 11). 

14.2. Combined variables. (Axiom 3.) — We shall first consider a 
particular case. Let the random experiments S and fjf be connected 
with the one-dimensional random variables S and tj respectively. Thus 
the result of S is represented by one single quantity while the 
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result of 9 is another quantity 17 . It often occurs that we have oc¬ 
casion to consider a combined experiment (@, $) which consists in 
making, in accordance with some given rule, one performance of each 
of the experiments 6 and 3 f, and observing jointly the results of both. 

This means that we are observing a variable point (g, 17 ), the co¬ 
ordinates of which are the results $ and 97 of the experiments @ and Sf- 
We may then consider the point (f, 97 ) as representing a two-dimen¬ 
sional variable, that will be called a combined variable defined by 5 
and 17 . The space of the combined variable is the two dimensional 
product space (cf 3.5) of the one-dimensional spaces of ^ and 97 . 

Let the experiment d consist in a throw with a certain die, while J consists in 
a throw with another die, and the combined experiment consists in a throw 

with both dice. The result of G is a number ^ that may assume the values 1, 2,..., 6 , 
and the same holds for the result 17 of The combined variable rj) then ex¬ 
presses the joint results for both dice, and its possible * values* are the 36 pairs of 
numbers ( 1 , 1 ),. . ( 6 , 6 ). 

If, on the other band, the experiment 6 consists in observing the stature ^ of a 
married man, ^hile ^ consists in observing the stature 97 of a married woman, the 
combined experiment (@, $) may consist e. g. in observing both statures (^, 97) of a 
married couple. The point (|, 97) may in this case assume any position within a 
certain part of the plane. 

The principle of combination of variables may be applied to more 
general cases. Let the random experiments (Sj, . .., be connected 
with the random variables § 1 , ..., of . . .,kn dimensions re¬ 
spectively, and consider a combined experiment ((5,,..., Sn) which 
conrists in making one performance of each and observing jointly 
all the results. We then obtain a combined variable (§ 1 , ..., §n) 
represented by a point in the (it, + - + itn)'dimensional product space 

(cf 3.5) of the spaces of all the 

The empirical study of frequency ratios connected with combined 
experiments discloses a statistical regularity of the same kind as in 
the case of the component experiments. Any experiment composed of 
random experiments shows, in fact, the character of a random experi¬ 
ment, and we may accordingly state our third axiom: 

Axiom 3. — If |n are random variables, any combined 

variable (§1 , .. ., §n) is also a random variable. 

It then follows from the preceding axioms that any combined 
variable has a unique probability distribution in its space of A;, ^ 

dimensions. This distribution will often be called the joint or simul¬ 
taneous distribution of the variables § 1 , .. §n. 
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Consider now the case of two random rariables g and i], of and 
ib| dimensions respectively. Let P| and P| denote the pr. f:8 of § and 
1 ], while P denotes the pr. f. of the combined variable (g, ij). If S 
denotes a set in the space of the variable g, the expression P(^<S) 
represents the probability that the combined variable (g.ij) takes a 
value belongings to the cylinder set (cf. 3.5) defined by the relation g < 
or in other words the probability that g takes a value belonging to 
5, irrespective of the value of tj. Similarly, if T is a set in the space 
of f], the expression P(ij <; T) represents the probability that takes 
a value belonging to T, irrespective of the value of g. We thus have 

(14.2.1) P{| < S) = P,(S), P(.j < T) = P.(D. 

and according to (8.4.2) this shows that the marginal distributions of 
the (A;^ + A;t)-dimensional combined distribution, relative to the sub¬ 
spaces of the variables g and are identical with the distributions 
of g and ri respectively. — Obviously this may be generalised to any 
number of component variables. When the mass in the combined 
distribution is projected on the subspace of any of the component 
variables, the marginal distribution thus obtained will always be ident¬ 
ical with the distribution of the corresponding variable. 


An important ease of combination of Tariables arises when we consider a seqaence 
of repetitions of a random experiment Let us form a combined experiment by 
performing n times the same experiment (E, and observing all the results tn • • •> ta of 
the n repetitions. The result of this combined experiment will then be an ob¬ 
served value of the combined variable gn), which expresses the joint results 

of all the n repetitions of 

If, e. g., ® consists in a throw with a die, the corresponding one-dimensional 
random variable { has the six possible values 1,2, ...,0. The combined variable 
(f,,..^n) then expresses the joint results of n successive throws, and its »values* 
are the systems of n numbers (1,..., 1)...(6,.. ., 6). According to Axiom 8, 
there exists a corresponding probability distribution in Rn, with determined prob¬ 
abilities Pj... Pq q corresponding to the various possible values of the 

combined variable. 


In problems where several random variables are considered simul¬ 
taneously, we shall always assume xhat a rule of combination is given 
for all the variables that enter into the question, so that the combined 
variable is defined. We shall then as a rule use the symbol P(8) to 
denote the pr. f. of the combined variable. 
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14.3. Conditional distributions. — Let £ and be random vari¬ 
ables of and dimensions, attached to the random experiments @ 
and 5 . Let F denote the pr. f. of the combined variable (g, ij), while 
S and T are sets in the spaces of g and respectively. The expres¬ 
sion P(§ C /S', < T) then represents the probability of the event 

defined by the joint relations g < S, < T, or, in other words, the 
probability that the combined variable (g, '>j) takes a value belonging 
to the rectangle set (cf 3.5) with the sides S and T. 

Suppose now that P(g < /S) > 0. We then introduce a new quantity 
P('i 2 < T I g < 6’) defined by the relation 

(14.3.1) P(ii < T| I < S) = 

Similarly, supposing that P(t^<P)>0, we introduce another new 
quantity P(g C iS| < T) by writing 

(14.3.2) P(| < 51 < T) = . 

In order to justify the names that will presently be given to these 
quantities, we shall now deduce some important properties of the 
latter. 

In the first place, let us in (14.3.2) consider T as a fixed set, while 
S is variable in the space H*. of the variable g. The second member 
of (14.3.2) then becomes a non-negative and additive function of the 
set S. When ^ = the rectangle set g'^I^jt,, is identical 

with the cylinder set (cf 3.5) n < 2\ so that the second member of 

(14.3.2) then assumes the value 1. Thus F(^<S\ri<T) is, for fixed 
P, a non-negative and additive function of the set S which for 
S = Rk^ assumes the value 1. In other words, P(g < S\ii < T) eV, for 
fixed 1\ the probability function of a certain distribution in Rk^. In the 
same way it is shown that P(i 2 d P | g < 5') is, for fixed S, the pr. f. of a 
certain distribution in the space Rk, of the variable — We shall 
now show that, in a certain generalized sense, these quantities may in 
fact be regarded as probabilities having a determined frequency in¬ 
terpretation. 

Consider a sequence Z of n repetitions of the combined experi¬ 
ment (®, 55). Each of the n experiments which are the elements of Z 
yields as its result an observed »value» of the combined variable 
(g, t^). In the sequence Z, let 
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denote the number of occurrences of the event 
* » » » 

¥ » > » » » * * » g < fi', < T, 

while Zj, Z, and Z are the corresponding sub-sequences of Z. — 
Obviously the third event occurs when and only when the first and 
second events both occur, so that Z consists precisely of the elements 
common to Z^ and Z,. 

According to the frequency interpretation of a probability (cf 13.5), 
it is practically certain that the relations 

p(l<s) = 5-. = p(|<s,ij<r) = J 

n ft ft 

will, for large ta, be approximately satisfied. By (14.3.1) and (14.3.2) 
we then have, approximately, 

(14.3.3) P(i2 < Tl g C 5) = P(g c ^1 C D- 

Vl 

Consider now the V| elements of the sub-sequence Z,. These are all 
cases among our n repetitions, where the event has occurred. 

Among these, there are exactly v cases where, in addition, the event 
71 <T has occurred, viz. the v cases forming the sub-sequence Z. 

y 

Thus the ratio is the frequency of the event -q c: T in the sub- 

V 

sequence Zj or, as we may express it, — is the conditional frequency 
of the event <. T, relative to the hypothesis g < S. The corresponding 

y 

property of the ratio —* is obtained by simple permutation. — The 

approximate relations (14.3.3) now provide a frequency interpretation of 
the expressions P(ij < T | g < #S) and P(g c: 51 ij C T), which will justify 
the introduction of the following definitions: 

The quantity P(i2 < T|g<5^) defined by (14.3.1) will he called the 
conditional probability of the event < T, relative to the hypothesis %<. S. 
Accordingly^ the distribution in H*, defined by (14.3.1)/or fixed S tvill be 
called the conditional distribution of relative to the hypothesis S. 
— With respect to the quantity P(g < S'lij < T) defined by (14.3.2), we 
shall use the> denominations obtained by permutation of symbols. 

It should be well observed that each conditional probability is hereby 
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defined only in the case when the probability of the corresponding hy¬ 
pothesis is different from eero. 

When P(§<5) and P(i 2 < T) are both different from zero, we 
obtain from (14.3.1) and (14.3.2) the relation 

(14.3.4) P(§<5,^<T) = P(§<5)P(i3c::T|g<5) = 

= P(i2c;T)P(g<^h<n 

In the example considered in the preceding paragraph, where { is the statnre of 
a married man, and ^ the stature of his wife, the data corresponding to all observed 
values of ^ determine the distribution of Thus e. g. the probability of the relation 
a< ^ ^ b will be approximately determined by the frequency of the corresponding 
event in the totality of our data. 

Suppose now that we select from our data the subgroup of all cases where q is 
larger than some given constant c. The data corresponding to the values of ^ in the 
cases belonging to this subgroup determine the conditional distribution of relative 
to the hypothesis ^ > c. Thus e. g. the frequency of the event a < f ^ 5 within the 
subgroup is a conditional frequency as deftned above, and for a large number of 
observations this becomes, with practical certainty, approximately equal to the con¬ 
ditional probability of the relation a < f ^ 6, relative to the hypothesis i; > c. Here 
the set is the interval a < ^ while the set T is the interval > c. 

It is evident that, in this case, we have reason to suppose that the conditional 
probability will differ from the probability in the totality of the data, since the taller 
women corresponding to the hypothesis ij> c may on the average be expected to 
choose, or be chosen by, taller husbands than the shorter women. 

On the other hand, let ^ still stand for the statnre of a married man, while ij 
denotes the stature of the wife belonging to the couple immediately following { in the 
population register from which our data are taken. In this case, there will be no 
obvious reason to expect the conditional probability of the relation a < ^ ^ 6, relative 
to the hypothesis 17 > c, to be different from the unconditional probability P(a < ^ ^ h). 
On the contrary, we should expect the conditional distribution of { to be independent 
of any hypothesis made with renpect to 17, and conversely. If this condition is satisfied, 
we are concerned with the case of independent variables, that will be discussed in the 
following paragraph. 

14.4. Independent variables. — An important particular case of 
the concepts introduced in the preceding; parag^raph arises when the 
multiplicative relation 

(14.4.1) P(§ < 5, ij < D - P(| < S) P(ij < T) 

is satisfied for any sets S and T. The relations (14.3.1) and (14.3.2) 
show that this implies 

p(§<sh<r) = p(|«cs) ifP(i3<r)>o, 
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(14.4.3) P{7i c: T| § c: 5) = P(ti < T) if P(g <S)>0, 

80 that the conditional distribution of g is independent of any hypothesis 
made with respect to and conversely. 

In this case we shall saj that g and are independent random 
variables, and that the events g < 5 and -ij < T are independent events. 
Conversely, suppose that one of the two last relations, say (14.4.2), 
is satisfied for all sets S and T such that the conditional probability 
on the left-hand side is defined, i. e. for P(ijCr)>0. It then fol¬ 
lows from (14.3.2) that the multiplicative relation (14.4.1) holds in all 
these cases. (14.4.1) is, however, trivial in the case P (13 < P) = 0, 
since both members are then equal to zero. Thus (14.4.1) holds for 
all S and T, and hence we infer (14.4.3). Thus either relation (14.4.2) 
or (14.4.3) constitutes a necessary and sufficient condition of independence. 
We shall now give another necessary and sufficient condition. Let 
Pj and Pj denote the probability functions of g and % while the 
distribution functions of g, &i^d (g, ij) are 

(*) = I\ (a;,, = P^ (f, g X,, .. gt, S xt,), 

r,[y) = F,(yi, . .y*,) = Sy,, . ^y*,). 

F{x,y) = F{x,, . . ., a-*,, y,-- y»,) = P(ii^ X/, rjj g yj), 

for all i = 2, . . ., and j = 1, 2, ..., A:,. According to (14.2.1), the 

multiplicative relation (14,4.1) may be written 

(14.4.4) P(g Pi(S)P,(T). 

Now it has been shown in 8.6 that, when Pj and P* are given pr. 
f:s in the spaces of g and there is one and only one distribution 
in the product space satisfying (14.4.4), viz. the distribution defined 
by the d. f. 

(14.4.5) P(*,y) = Pi(*)P«(r). 

Thus (14.4.5) is a necessary and sufficient condition for the independence 
of the variables g and ij. 

Consider now the case of n random variables g,, ..., gn, with pr. 
f:s P^, ,.Pn and d. frs Pj, ..., Fn, Let P and F denote the pr. f. 
and the d. f. of the combined variable (g,, . .., gn). In direct general¬ 
ization of the above, we shall say that gi, . . . gn are independent random 
variables, if the multiplicative relation 
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(14.4.6) P(gi C JJ P(§, <Sr)=^Y[ Pr(Sr) 

f=l ra=l 

is satisfied for any sets Si, .. ., 5n. Using the final remark of 8.6, we 
find that the condition (14.4.5) may be directly generalized, so that 
in the present case the relation F — Fi P, ■ -Fn is a necessary and 
sufficient condition of independence. — If §r and the combined variable 
(Si, • • •» Sr-i) are independent for ?• = 2, 3,.. ., w, then gj are in¬ 

dependent. This follows directly from the independence definition (14.4.6). 

If, in a sequence §t, ..., any group gi, .. ., gn of 7i variables 
are independent, we shall briefly say that g^, g^, . . . form a sequence 
of independent variables, — An important case of a sequence of this 
type arises when we consider a sequence of repetitions of a random 
experiment ffi. If the conditions of the successive experiments are 
strictly uniform, the probability P of any specified eyent connected 
with, say, the w:th experiment cannot be supposed to be in any way 
influenced by the results of the w 1 preceding experiments. This 
implies, however, that the distribution of the random variable g,, con¬ 
nected with the n:th experiment is independent of any hypothesis made 
with respect to the value assumed by the combined variable (gj,..., gn~i), 
so that gn and (gi, . . .i gn-i) are independent. According to the above, 
it then follows that gj, g|, • • form a sequence of independent vari¬ 
ables. A sequence of repetitions of a random experiment showing 
a uniformity of this character will be briefly denoted as a sequence 
of independent repetitions of When nothing is said to the contrary, 
we shall always assume that any sequence of repetitions that we may 
consider is of this type. 

Consider a combined experiment consisting of two throws with a certain die. 
Let us repeat this combined experiment a large number of times, the conditions of 
each single throw being kept as uniform as po.s8ible. We may then study the be¬ 
haviour of the conditional frequency of any given result of the second throw, relative 
to any hypothesis made with respect to the result of the first throw. Long experi¬ 
ence has failed to detect any kind of influence of such hypotheses on the behaviour 
of the conditional frequency, and it seems reasonable to assume that the random 
variables connected with the two throws are independent. The same situation arises 
when we consider a combined experiment consisting of n throws, where n may have 
any value, and accordingly we assume that a sequence of throws made under uniform 
conditions form a sequence of independent repetitions, in the sense stated above. 

Suppose now that, in each throw, all the six possible results have the probabi¬ 
lity i. Then by (14.4.6) each of the 6^ possible results of n consecutive throws will 
have the probability 
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Finally, let ns consider n independent variables t ..., gn. If, in 
the multiplicative relation (14.4.6), we allow a certain number of the 
sets Sr to coincide with the whole spaces of the corresponding vari¬ 
ables, it follows that any group of ni<n of the variables are inde¬ 
pendent 

The oonTene of the last proposition is not true. We shall, in fact, gire an 
example doe to 8 . Bernstein of three one-dimensional yariables fj, ^ such that any 
two of the variables are independent, while the three variables fj, ^ are not independent. 
Let the three-dimensional distribution of the combined variable ({, fj, ^ be such that 
each of the four points 

(1,0,0) 

(0,1,0) 

( 0 . 0 , 1 ) 

( 1 . 1 . 1 ) 

carries the mass It is then easily verified that any one-dimensional marginal dis- 
tiibutiun has a mass equal to ( in each of the two points 0 and 1 , while any two- 
dimensional marginal distribution has a mass equal to i in each of the four points 
(0,0), (1.0), (0,1) and (1,1). It follows that any two of the variables are independent. 
We have e. g. 

P(f = 1, I, » i)« PC€ - 1)P(|? = 1)»(*)• * i 

and it is seen without difficulty that the analogous relation holds for any events 
^ C8 and fj so that (14.4.1) is satisfied. JSvt the three variables 17 , ^ are nof 
independent as we have 

P (5 - 1 , ,7 - 1 , g =. 1 ) « i 

but 

P(^ « 1) Pin « 1) P(5 “ 1) - (*)• ^ I 

14.5. Functions of random variables. — Consider first the case of 
a one-dimensional random variable $ with the pr. f. P. Suppose that, 
at each performance of the random experiment to which ^ is attached, 
we do not observe directly the variable ^ itself, but a certain real¬ 
valued function g ($), which is finite and uniquely defined for all real 
As usual we assume that g(^) is P-measurable (cf 5.2). 

The equation 17 = F (I) defines a correspondence between the vari¬ 
ables $ and f}. Denote by F a given set on the i^-axis, and by X the 
corresponding set of all $ such that = g ($) < Y, It has been shown 
in 5.2 that the set X corresponding to any Borel set F is a Borel 
set. When X and F are corresponding sets, we have fj< Y when 
and only when ^<Xy so that the two events rjC Y and f < X are 
completely equivalent. The latter event has, by Axiom 1, a definite 
probability P(X), and thus the event 17 c: F has the same probability. 
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We thus see that any function ^ (f) of the random variable § is 
itself a random variable^ with a probability distribution determined by 
the disb'ibution of In fact, if Q denotes the pr. f. of i;, it follows 
from the above that we have for an^ Borel set Y 

(14.5.1) Q(Y)=^P(X\ 

where X is the set corresponding to Y. If, in particular, we choose 
for the set Y the closed interval (~ oo, y), and denote by Sy the set 
of all f such that rj ^ g(^) ^ y, it follows that the d. f. of the variable rj is 

(14.5.2) G(y)^Q(f]^y) = P(Syy 

Let the {-distribution be interpreted in the usual way as a distribution of mass 
on the {-axis. Let us imagine that every mass particle in this distribution is moved 
from its original place on the { axis, first in a vertical direction until it reaches the 
cnrve v) ~y({), aod then horizontally towards the i^-axis. The distribution on the 17 - 
axis generated in this way will be the distribution defined by (14.5.1). 

The above considerations are immediately extended to any number 
of dimensions. Let § = (?i» . . &) be a random variable in ay-dimen¬ 

sional space Rj, with the pr. f. P. Consider a Ar-dimensional vector 
function = g(^) ~ (tJi, . . rjk), which is finite and uniquely defined 
for all § in Rj, and is itself represented by a point in a X:-dimen 8 ional 
space H*. We assume that any component rjy of 13 is a P-measurable 
function (cf 9.1) of the variables sj- It then follows as in the 

one-dimensional case that 13 is a random variable in Rk, with a pr. f. 
Q determined by the relation (14.5.1) where, now, Y denotes any given 
set in Rk, while X is the corresponding set of all § in Rj such that 

For a set Y such that the corresponding set X is empty, we 
obtain, of course, 4? (IT = 0, — The condition that g {§) should be 
finite and uniquely defined for all § in Rj may obviously be replaced 
by the more general condition that the points g where y(§) is not 
finite or not uniquely defined, should form a set S such that P(5) = 0. 

As an example, we may take , ?r), where r<y, so 

that g (|) is simply the projection of the point § on a certain subspace 
(cf 3.5) of r dimensions. The pr. f. of y(g) is then (^(Y) — P(X), 
where F is a set in the subspace, while X is the cylinder set (cf 3.5) 
in Rj defined by the relation (^i, . , ?r, 0 ,.. ., 0 ) < Y. The corre¬ 
sponding distribution is the marginal distribution (cf 8.4) of (^j, .. ., |r), 
which is obtained by projecting the original distribution on the r- 
dimensional subspace. Taking, in particular, r~l, it is seen that 
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every component of the random variable § is itself a random variable, 
with a marginal distribution obtained by projecting^ the origfinal 
distribution on the axis of 

A function • t §n) of n random variables may be regarded 

as a function of the combined variable (§i, ..., gn). Thus according 
to the above is always a random variable, with a probability dis¬ 
tribution uniquely determined by the simultaneous distribution of 
gl» • • •» §n* 

§1 > • • •) §n are independent variables, it is immediately seen that 
the variables (gj), ..., (gn) are also independent. 

14.6. Conclusion. — The contents of the present chapter may be 
briefly summed up in the following way. — From the domain of 
empirical data connected with random experiments, we have selected 
the fundamental fact of statistical regularity, viz. the long run sta¬ 
bility of frequency ratios. In our mathematical theory, we have 
idealized this fact by postulating the existence of conceptual counter¬ 
parts of the frequency ratios: the mathematical probabilities. The 
process of idealization has then been carried one step further by our 
assumption that the additive property of the probabilities may be 
extended from a finite to an enumerable sequence of »events». In 
this way, we have reached the concept of a random variable and its 
probability distribution. 

We have further introduced the assumption that any number of 
random experiments may be joined to form a combined random ex¬ 
periment, showing the same kind of statistical regularity as the 
component experiments. Thus we have obtained the idea of the joint 
probability distribution of a number of random variables. 

The study of certain conditional frequencies has led us to intro¬ 
duce their conceptual counterparts, under the name of conditional 
probabilities. These are connected with a certain conditional distribu¬ 
tion of a random variable, which in a particular case gives rise to the 
important concept of independent random variables. 

Finally, it has been shown that a jB-measurable function of any 
number of random variables is itself a random variable, with a pro¬ 
bability distribution uniquely determined by the joint distribution of 
the arguments. 

We have thus laid the foundations for a purely mathematical 
theory of random variables and probability distributiona. Our next 
object will now be to work out this theory in detail, and the rest of 
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Part II will be devoted to this purpose. In Chs 15—20 we shall 
mainly be concerned with variables and distributions in one dimen¬ 
sion, while the multi dimensional case will be dealt with in Chs 
21—24. 

In Part III, we shall then turn to questions of testing the mathe¬ 
matical theory by experience, and using the results of the theory for 
purposes of statistical inference. 
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CHAPTER 15. 

General Properties. 

15.1. Distribution function and frequency function. — Consider a 
one-dimensional random variable Bj Axioms 1 and 2 of 14.1, ^ 
possesses a definite probability distribution in Hj. This distribution 
may be concretely interpreted as the distribution of a unit of mass 
over Hi, in such a way that the mass quantity P(S) allotted to any 
Borel set S represents the probability that the variable 5 takes a 
value belonging to S. 

As we have seen in 6.6, we are at liberty to define the distribu¬ 
tion either by the non-negative and additive set function P(S), which 
is called the probability function (abbreviated pr.f.) of the variable 
or by the corresponding point function F[x) defined by the relation 

P(f ^ a;) = F(x), 

which is called the distribution function (abbreviated d.f.) of 5* the 
present case of a one-dimensional distribution, we shall practically 
always use F[x). 

The reader is referred to the discussion of the general properties 
of a d.f. given in 6.6. In particular it has been shown there that 
any d.f. F[x] is a non-decreasing function of a?, which is everywhere 
continuous to the right, and is such that P(-- oo) — 0 and P( + oo) = 1. 
The difference F(b) — F[a) represents the probability that the variable 
5 takes a value belonging to the interval a <^^b: 

P[a<l^b)^ F{b) - F[a). 

If Xq is a discontinuity point of P(a:), with a saltus equal to p^^ 
it follows from 6.6 that the mass p^^ is concentrated in the point rco, 
which means that we have the probability po variable ^ takes 

the value x^: 

P(S=xo)= Po¬ 
rn 
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If, on the other hand, the derivatire F'(x)=/(x) exists in a 
certain point x, then f[x) represents the density of mass at this point 
and we shall call f(x) the probability density or the frequency function 
(abbreviated /r./.) of the variable. The probability that the variable 
5 takes a value belon^ng to the interval x<^<x-\“Jx is then for 
small Jx asymptotically equal to f(x)Jx, which is written in the 
usual differential notation 


P(x <^< x dx) = f{x)dx. 

This differential will be called the probability element of the dis¬ 
tribution. 

Any function g(^) of the random variable 5 Is* by 14.5, itself 
a random variable, with a d. f. given by (14.5.2). We shall consider 
two simple examples, that will often occur in the sequel. 

In the case of a linear function rj — a^ + by the relation ^ y is 
equivalent to 5 ^ (y ““ or to g ^ (y — according as a > 0 or 
a < 0. It then follows from (14.5.2) that rj has the d. f. 


(15.1.1) 



if a > 0, 
if a < 0, 


where F(x) denotes the d. f. of The formula for G(y) in the case 
a <0 is, however, only valid if (y — b)la is a continuity point of F. 
In a discontinuity point, the function should, according to our usual 
convention, be so determined as to be always continuous to the right. 
If the fr. f. f(x) = F'(x) exists for all values of Xy it follows that tj 
has the fr. f. 

(15.1.2) g (y) = G'(y) = |-^/(^-)' 


Next, we consider the function rj == The variable t] is here always 
non-negative, and for y > 0 the relation rj ^ y is equivalent to 
— V^y^S^V^y. Consequently rj has the d.f. 



0 

F(Vy)-F{-V~9) 
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for y < 0, 
for y ^ 0. 


(15.1.3) 
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This time, the last expression is valid only if — /y is a continuity 
point of F. If the fr. f. f{x) = F (a;) exists for all x, it follows that 
has the fr. f. 


(15.1.4) ( 5 r(.v)= 6?'(y) = 


0 

^(/(vi;) +/(- v^)) 


for y < 0, 
for y > 0. 


Other simple functions may be treated in a similar way. 


15.2. Two simple types of distributions. — In the majority of 
problems occurring in statistical applications, we are concerned with 
distributions belonging to one of the two simple types known as the 
discrete and the continuous type. 

1. The discrete type. A random variable ^ will be said to be of 
the discrete type, or to possess a distribution of this type, if the 
total mass of the distribution is concentrated in discrete mats points^) 
and if, moreover, any finite interval contains at most a finite number 
of the mass points. By 6.2, the set of all mass points is finite or 
enumerable. Let us denote the mass points by a?|, . . ., and the 
corresponding masses by . . .. The distribution of 5 is then 

completely described by saying that, for every v, we have the proba¬ 
bility p^ that $ takes the value 

P{| = a:,)=p.. 

For a set S not containing any point Xy we have, on the other hand, 

P(5<5)-0. 

Since the total mass in the distribution must be unity, we always have 

The d. f. F(x) is then given by 

(15.2.1) P'(*) = P(gS*) = 2P». 

the summation being extended to all values of v such that x* ^ x. 
Thus F{x) is a step-function (cf 6.2 and 6.6), which it constant over 

*) This corresponds to the case c, ~ 1, c, =» 0 in (6.6.2). 
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6Terj interral not containing anj point but has in each a step 
of the height 

A distribntion of the discrete type may be graphically represented 
by means of a diagram of the function •F(x), or by a diagram showing 
an ordinate of the height over each point a?^, as illustrated by 
Figs 4 and 5. 



Fig. 4. Distribotion fnnction of the discrete tjpe. (Note that the median is indeter 

minate: cf p. 178.) 
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f 
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Fig. 5. Probabilities corresponding to the distribution in Fig. 4. 

In statistical applications, Tariables of the discrete type occur e. g. in cases where 
the variable represents a certain number of units of some kind. Examples are; the 
number of pigs iia a litter, the number of telephone calls at a given station daring 
one hour, the number of business failures during one year. In such cases, the mass 
points Xv are simply the natural numbers 0, 1, 2, . . .. 

2 . The continuous type. A variable $ will be said to be of the 
continuous type, or to possess a distribution of this type, if the d. f. 
F{x} is everywhere continuous’) and if, moreover, the fr. tf(x) ~ F(x) 
'exists and is continuous for all values of x, except possibly in certain 
points, of which any finite interval contains at most a finite number. 
The d. f. i5^(x) is then 

J'(x) = P(|S*) = //(/)dt. 

*) This corresponds to the case c, « 0, c, 1 in (6.6.2). 
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The distribution has no discrete mass points, and consequently the 
probability that $ takes a particular value Xq is zero for every XqI 

P(g = Xo) = 0. 

The probability that ^ takes a value belonging^ to the finite or indnite 
interval (a, 2)) has thus the same value, whether we consider the inter¬ 
val as closed, open or half-open, and is given by 

P(« < I < i) = F{b) - F{a} = / /(Odt. 

a 

Since the total mass in the distribution must be unity, we always have 

— oo 


A distribution of the continuous type may be graphically repre. 
sen ted by diagrams showing the d.'f. or the fr. f. /(a:), as illus¬ 

trated by Figs 6—7. The curve y ==/(ip) is known as the frequency 
curve of the distribution. 

In statistical applications, variables of the continuous type occur when we are 
concerned with the measurement of quantities which, within certain limits, may as¬ 
sume any value. Examples are: the price of a commodity, the stature of a man, the 
yield of a corn field. In such cases variables are treated as continuous, although 
strictly speaking the actual data are practically always discontinuous, since every 
measurement is expressed by an integral multiple of the smallest unit registered in 
our observations. Thus prices are expressed in money units, lengths may be expressed 
in cm and weights in kg, etc. When, for theoretical purposes, variables of this kind 
are considered as continuous, a certain mathematical idealization of actually observed 
facts is thus already implied. 


15.3. Mean values. — Consider a random variable ? with the d. f. 
F(x), and let g[^] be a function integrable over (— oo, oo) with re¬ 
spect to F (cf 7.2). The integral 

j ff(j:)dF{x) 

— 00 

has, in 7.4, been interpreted as a weighted mean of the values of g(x) 
for all values of x, the weights being furnished by the mass quantities 
dF situated in the neighbourhood of each point x. 

Accordingly we shall denote this integral as the fnean value or 
mathematical expectation of the random variable < 7 ( 5 ), and write 
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Fig. 7. Frequency function of the distribution in Fig. 6. The shaded area corresponds 
to the probability P(a < ^ ^ 0). The distribution has a unique mode (cf p. 179) at c. 
The skewness (cf p. 184) is positive. 


(15.3.1) 

More generally, 
probability function 
(particular case. A; = 
respect to P(5), we 


00 

£(«/(?)) = / 9(*)dF(x). 

— 00 

if § is a y dimensional random variable with the 
P(5), and if ^(§) is a one-dimensional function 
1 of 14.5) of § which is integrable over Rj with 
define the mean value of ^(§) by the relation 
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(15.3.2) E{gi§))^fff(x)dP(S). 

Kj 

For a complex-valued function p (|) = a (|) + f 6 (£), we use the same 
formula to define the mean value, and thus obtain 

EigiS)) ^ E(a{g)) ^ tE(b{S)). 

When there is no risk of a misunderstanding, we shall write simply 
Eg(^) or E(g) instead of E(g(g)). 

In the case of a one-dimensional distribution of the discrete type, 
as defined in the preceding paragraph, the mean value reduces ac¬ 
cording to (7.1.8) to a finite or infinite sum: 

E{g(S))= 2 P* ?(*»). 

while for the continuous type, assuming g{x) to be continuous except 
at most in a finite number of points, we obtain by (7.5.5) an ordinary 
Riemann integral: 

00 

E(ff(i)) = f g [x)f(x) dx. 

— 00 

The condition that g should be integrable over (— oo, oo) with respect 
to F is, in the last two particular cases, equivalent to the absolute 
convergence of the series or integral representing the mean value. Thus 
it is only subject to this condition that the mean value exists. The 
condition is always satisfied in the particular ease of a bounded func¬ 
tion p($), as pointed out in 7.4. 

Consider now two variables § and ij, defined in the spaces E! and 
K" of any number of dimensions, with the pr. f:s Pj and P, respect¬ 
ively. Let ^(g) and /i(ij) be two real or complex functions such that 
the mean values l^p(g) and Eh(7^ both exist. We shall consider the 
sum p(g) + h(ri). By 14.5, this sum is a random variable, which may 
be regarded as a function of the combined variable (g, i^). If R de¬ 
notes the space of the combined variable, while P is the corresponding 
pr. f., the mean value .of the sum has the expression 

E(g{%) + A(i 2 )) = / (g{x) + h{y))dP f g(x)dP^ f h(y)dP. 

R R R 

By (9.2.2) the last two integrals reduce, however, to 
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^g(*)dP,=Eg(S\ and fh{y)dI\==Eh{ri) 

respectively, so that we obtain 

(15.3.3) E{g{^) + /i(i 2 ))-£:^(|) + Eh(ri). 

The extension of this relation to an arbitrary finite number of terms 
is immediate, and we thus have the following important theorem: 
The mean value of a sum of random variables is equal to the sum of 
the mean values of the terms, provided that the latter mean values exist. 

It should be observed that this theorem has been proved without 
any assumption concerning the nature of the dependence between the 
terms of the sum. In the case of the mean value of a product, it is 
not possible to obtain an equally general result. Using the same nota¬ 
tions as above, we have 

E{gii)h(7i))=^ g(x)h{y)dP. 

In order to reduce this integral to a simple form, tve now suppose 
that § and iq are independent, so that the pr. f. F satisfies the multi¬ 
plicative relation (14.4,4). By the final remark of 14.5, the vari¬ 
ables i^(§) and /i(r^) are then also independent. On this hypothesis, 
the formula for the mean value reduces according to (9.3.1) to 

(15.3.4) E{s{^)h(n')^f 9 (x)dP,f h(y)dP, = Eg(%)Eh{n). 

JR' H" 


The extension to an arbitrary finite number of factors is immediate, 
so that we have the following theorem; The mean value of a product 
of independent random variables is equal to the product of the mean 
values of the factors, provided that the latter mean values exist. 

We finally consider some simple particular cases of the preceding 
general relations. — If $ is a one-dimensional random variable, such 
that the mean value E(^) obtained by taking j7($) — ^ in (15.3.1) exists, 
we have for any constant a and b 

(15.3.5) E(a^ + h)=^aE(^) -f b. 

Putting E(f) = 7n we have, in particular, 

(15.3.6) JB(5 — m) = m — m = 0. 
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Taking ^(S)*= 5 , h(fjD = rj in the addition theorem (15.3.3), we obtain 

(15.3.7) E(S + fj)^E(S)-^E(fi). 

If S and 17 are independent, the multiplication theorem (15.3.4) gives 

( 15 . 3 . 8 ) E(Sf;)==E(^)EM. 

15.4. Moments. — The moments of a one-dimensional distribution 
have been introduced in 7.4. If, for a positive integer v, the function 
a?* is integrable over (— 00 , 00 ) with respect to F[x), the mean value 

00 

(15.4.1) a, = = / a:’ dF{x) 

— 00 

is called the moment of order v, or simply the v:th moment, of the 
variable or the distribution, and we say that the i^rth moment is finite 
or exists. Obviously Oq always exists and is equal to unity. 

If a„ exists, the function |a;|* is also integrable, so that the v:th 
absolute moment 

(15.4.2) /J,=E(Uh = /|a:|'dJ^{x) 

— 00 

exists. It follows that, if Ok exists, then and pv exist for 0 ^ v ^ it. 

For a distribution of the discrete type, the moments are according 
to 15.3 expressed by the series 

i 

and for a distribution of the continuous type by the Biemann integral 

00 

J x*f{x) dx. 

— 00 

It is only in the case when the series or integral representing the 
moment is absolutely convergent that the moment is said to exist. 

The first moment Oj is equal to the mean value, or briefly the 
mean, of the variable, and will often be denoted by the letter m\ 


If e denotes any constant, the quantities 
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E[(?-c)'l = /(a!-c)»dF{x), 

— OD 

are called the moments about the point c. For c == 0, we obtain the 
ordinary moments. The absolute moments about c are, of course, de¬ 
fined in an analogous way. The moments about the mean m are often 
called the central moments. These are particularly important and de¬ 
serve a special notation. We shall write 

oo 

(15.4.3) = E [(5 ■— mY] = J (a? — m)” dF(x). 

— CO 

Developing the factor {x — mY, we find 

/^o = 1. 

= 0 , 

(15.4.4) 

A*a ~ — 3 m cf, + 2 m®, 

^4 ~ — 4 m Cj 4- 6 w* ff, — 3 m*, 


For the second moment about any point c, we have 

E [(^ — c)*] = E [(g — m 4* m — cY] 

= fit+ (c — my s fit, 


so that the second moment becomes a minimum when taken about the 
mean. 

The moments of any function g (^) are the mean values of the suc¬ 
cessive powers of ^(^). In the particular case of a linear function 
(?) = «? + the moment ai is given by the expression 

ai = E[(a| + fi)”] = a’a, + (j)a’-*6e.-, + •• • + 6’. 

In 7.4, we have given a simple sufficient condition for the existence of the mo¬ 
ment of a given order k. We remark farther that, when the variable { is bounded, 
i. e. when finite a and b can be found such that P(a < ^ < 6 ) =» 1, all moments are 
finite, and |«» | ^ | a I*' + I 6 h- 

We shall now prove an important inequality for the absolute mo¬ 
ments defined by (15.4.2). The quadratic form in u and v 
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o + U * 

|x| ’ / dF(x) — «* + 2fi,uv + /?,+! V* 


is evidently non-negative. Thus by 11.10 the determinant of the form 
is non-negative, so that we have ^ 0, or 

( 15 . 4 . 5 ) 

Replacing here v successively by 1, 2, . . r, and multiplying all the 
inequalities thus formed, we obtain or finally 

(15.4.6) (v=l,2, ...). 


It is often important to know whether a distribution is uniquely 
determined by the sequence of its moments. We shall not enter upon a 
complete discussion of this difficult problem, but shall content our¬ 
selves with proving the following criterion that is often useful. 

Let Oy a„ . . . he the moments of a certain d. f jP(ir), all of 

00 

which are assumed to he finite. Suppose that the series absolutely 

0 

convergent for some r > 0. Then F[x) is the only d. f. that has the mo¬ 
ments ffoi • • •• 

a 

We shall first show that 0 as n — ► co. If n is restricted 

n\ 

to even values, this follows directly from our hypothesis, and for odd 
values of n we have by (15.4.5) 


n\ \(7 i--l)! / \{w *f 1)! } V n ' 


which completes the proof of our assertion. — For any integer w > 0 
and for any real z we have the MacLaurin expansion 


Zi .! 




«! 


where d- denotes a real or complex quantity of modulus not exceeding 
unity. Hence we obtain by means of (10.1.2) the following expansion 
for the c. f. y(<) of i'^(a:): 
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9»(< +A) = y 

— OP 




For |/i|<r the remainder tends to zero, so that for avy t the c.f 
(p(t h) can he developed in Taylors series, convergent for U| <>. 

Taking first ^ = 0, we find that the series {where we have written 
t in the place of h) 

( 15 . 4 . 7 ) = 

0 

represents the function (p (<) at least in the interval — r < t < r. In 
this interval, g>(t) is thus uniquely determined by the moments a^. 
In the points t=^± Jr, the series obtained by differentiating (15.4.7) 
any number of times is convergent, so that all the derivatives 
Jr) can be calculated from (15.4.7), i.e. from the moments Cy. 
These derivatives appear as coefficients in the Taylor developments of 
q>(± J r + h), which converge and represent g) (f) for \h\< r, so that 
the domain where g (^) is known is now extended to the interval 
— fr < t < 3 r. From the last developments, we can now calculate the 
derivatives points ^~±r, and use these as coefficients 

in the Taylor developments of gp(± r -h h), etc. In this way we may 
go on as long as we please, and it will be seen that by this procedure 
the c.f g>(i) is uniquely defined hy the moments Oy for all values of t.^) 
It then follows from the uniqueness theorem (10.3.1) that the d.f. 
F(a;) is also uniquely determined by the a,, and our theorem is proved. 

In the particular case when i''(x) is the d. f. of a hounded variable, 
it follows from the remark made above that the conditions of the 
theorem are always satisfied. 


15.5. Measures of location. — In practical applications it is im¬ 
portant to be able to describe the main features of a distribution by 

*) This is the method known os analytic continuation in the Theory of Analytic 
Functions. 
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means of a few simple parameters. In the first place, we often want 
to locate a distribution by finding some typical value of the variable, 
which may be conceived as a central point of the distribution. There 
are various ways of calculating such a typical parameter, and we shall 
here discuss the three most important cases, viz. the mean, the median, 
and the mode. 

The mean E ($) = wi is the first moment of the distribution, and 
has already been defined in the preceding paragraph. In terms of our 
mechanical interpretation of the probability distribution as a distribu- 
tion of mass, the mean has an important concrete significance: it is 
the abscissa of the centre of gravity of the distribution (cf 7.4). This 
property gives the mean an evident claim of being regarded as a 
typical parameter. 

The median. — If Xq is a point which divides the whole mass of 
the distribution into two equal parts, each containing the mass i, 
is called a median of the distribution. Thus any root of the equation 
Eix) = i is a median of the distribution. In order to discuss the 
possible cases, we consider the curve y = F(x}, regarding any vertical 
step as part of the curve, so that we have a single connected, never 
decreasing curve (cf Figs 4 and 6). This curve has at least one point 
of intersection with the straight line y = J. If there is only one point 
of intersection, the abscissa of this point is the unique median of the 
distribution (cf Fig. 6). It may, however, occur that the curve and the 
line have a whole closed interval in common (cf. Fig. 4). In this case 
the abscissa of every point in the interval satisfies the equation 
F{x) » i, and may thus be taken as a median of the distribution. 

We thus see that every distribution has at least one median. In the 
determinate ease, the median is uniquely defined; in the indeterminate 
case, every point in a certain closed interval is a median. 

The mean, on the other hand, does not always exist. Even in 
cases when the mean does exist, the median is sometimes preferable 
as a typical parameter, since the value of the mean may be largely 
infiuenced by the occurrence of very small masses situated at a very 
large distance from the bulk of the distribution. 

As shown in the preceding paragraph, the mean is characterized 
by a certain minimum property: the second moment becomes a mini¬ 
mum when taken about the mean. There is an analogous property of 
the median: the first absolute moment E(||--c|) becomes a minimum 
when e is equal to the median. This property holds even in the in¬ 
determinate case, and the moment has then the same value for e equal 
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to any of the possible median values. Denoting the median (or, in 
the indeterminate case, any median value) by we have in fact the 
relations 


E(l|-cl) = 


®(U —/“!) + 2 f (c — x}dF(z) 


®(|| — /*l) + 2/ (x — c)dF(z) 


for O/i, 

» C<fl. 


The second terms on the right hand sides are evidently positive, ex¬ 
cept in the case when c is another median value (indeterminate case), 
when the corresponding term is zero.^) The proof of these relations 
will be left as an exercise for the reader. 

The mode of a distribution will only be defined for distributions 
of the two simple types introduced in 15.2. For a distribution of the 
continuous type, any maximum point of the frequency function f[x) 
is called a mode of the distribution. A unique mode thus only exists 
for frequency curves y=f(x) having a single maximum (cf Fig. 7); 
such unimodal distributions occur, however, often in statistical applica¬ 
tions. When the frequency curve has more than one maximum, the 
distribution is called himodal or multiynodal, as the case may be. — 
For a distribution of the discrete type, we may suppose the mass 
points Xv arranged in increasing order of magnitude. The point 
is then called a mode of the distribution, if pr>pv-\ and 
The expressions unimodal, bimodal and multimodal distributions are 
here defined in a similar way as for continuous distributions. 

In the particular case when the distribution is symmetric about a certain point a, 
we have F(a -H x) -r F{a — a;) = 1 as soon as o ± .r are continuity points of F. It 
is then seen that the mean (if existent) and the median are both equal to a. If, in 
addition, the distribution is unimodal, the mode is also equal to a. 

15.6. Measures of dispersion. — When we know a typical value 
for a random variable, it is often required to calculate some parameter 
giving an idea of how widely the values of the variable are spread 
on either side of the typical value. A parameter of this kind is called 
a measure of spread or dispersion. It is sometimes also called a 
measure of concentration. Dispersion and concentration vary, of course, 

*) In the particular case when p is & discontinuity point of F, the ordinary de¬ 
finition of the integrals in the second members roust be somewhat modified, as the 
integrals should then in both cases include half the contribution arising from the 
discontinuity. 
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in inverse tense: the greater the dispertion, the smaller the concentra¬ 
tion, and conversely. 

If onr typical value is the mean m of the distribution, it teems 
natural to consider the second moment about the mean, as a 
dispersion measure. This is called the variance of the variable, and 
represents the moment of inertia of the mass distribution with respect 
to a perpendicular axis through the centre of gravity (cf 7.4). We 
have, of course, always /it ^ 0 . When /it ^ 0 , it follows from the de¬ 
finition of /it that the whole mass of the distribution must be con¬ 
centrated in the single point m (cf 16.1). 

In order to obtain a quantity of the first dimension in units of 
the variable, it is, however, often preferable to use the non negative 
square root of /it, which is called the standard deviation (abbreviated 
s. d.) of the variable, and is denoted by D (^) or sometimes by the 
single letter a. We then have for any variable such that the second 
moment exists 

D«(§) = a»-/i, = E((§-£(§))•] 

= E(n-E*(f). 

It then follows from (15.3.5) that we have for any constant a and h 

0(a5 + 5)«|alD(§). 

When $ is a variable with the mean m and the s. d. a, we shall 
often have occasion to consider the corresponding standardized variable 
B m 

--, which represents the deviation of g from its mean w, expressed 

cr 

in units of the s. d. a. It follows from the last relation and from 
(15.3.5) that the standardized variable has zero mean and unit s.d.: 

If S and 17 are independent variables, it further follows from (15.3.8) 
that we have 

(15.6.1) D«(S + i?) = D*(g) + D«(i 7 ). 

This relation is immediately extended to any finite number of terms. If 
fii are independent variables, we thus obtain 

(15.6.2) !>•(?,+ •+ 5h) = D*(J,) + • • • + D-(?n). 

We have seen that the second moment is a minimum when taken about 
the mean, and the first absolute moment when taken about the median 
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(cf 15.4 and 15.5). If we use the median fi at our typical value, it 
thus teems natural to use the first absolute moment 


as measure of dispersion. This is called the mean deviation of the 
variable. Sometimes the name of mean deviation is used for the first 
absolute moment taken about the mean, but this practice is not to be 
recommended. 

In the same way as we have defined the median by means of the 
equation F(x) = we may deBne a quantity by the equation 
2 <’(Jp) = p, where p is any given number such that 0<p< 1. The 
quantity Cp 5e called the quantile of order p of the distribution. 
Like the median, any quantile Cp sometimes be indeterminate. 
The quantile is, of course, identical with the median. The know¬ 
ledge of Cp for some set of conveniently chosen values of jp, such as 
P == or p = 0.1, 0.2, . . .. 0.9, will obviously give a good idea of 

the location and dispersion of the distribution. The quantities and 
are called the lower and upper quartiles, while the quanties Jo.i, C 0 . 2 , • • • 


Are known as the deciles. 


The halved difference 


' ~ 
2 


is sometimes 


used as a measure of dispersion under the name of semi interquartile 
range. 

If the whole mass of the distribution is situated within finite 
distance, there is an upper bound g of all points x such that F (x) = 0, 
and a lower bound G of all x such that F(x} = 1. The interval (g, G) 
then contains the whole mass of the distribution. The length G — g 
of this interval is called the range of the distribution, and may be 
used as a measure of dispersion. 

The word range is sometimes also used to denote the interval {g, G) 
itself. If we know this interval, we have a fairly good idea both of the 
location and of the dispersion of the distribution. For a distribution 
where the range is not finite, intervals such as (m — o, w + a) or 
although they do not contain the whole mass of the distribution, may 
be used in a similar way, as a kind of geometrical representation of 
the location and dispersion of the distribution (cf 21.10). 

All measures of location and dispersion, and of other similar pro¬ 
perties, are to a large extent arbitrary. This is quite natural, since 
the properties to be described by such parameters are too vaguely 
defined to admit of unique measurement by means of a single number. 
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Each measure has advantages and disadvantages of its own, and a 
measure which renders excellent service in one case may be more or 
less useless in another. 

If, in particular, we choose the variance c* or the s. d. a as our 
measure of dispersion, this means that the dispersion of the mass in 
a distribution with the mean m = 0 is measured by the mean square 

CO 

E(f*) = / 3?dF(x). 

— » 


The concentration of the variable $ about the point m = 0 will be 
measured by the same quantity: the smaller the mean square, the 
greater the concentration, and conversely. Thus the mean square of 
a variable quantity is considered as a measure of the deviation of this 
quantity from zero. This is a way of expressing the famous principle 
of least squares^ that we shall meet in various connections in the 
sequel. — It follows from the above that there is no logical necessity 
prompting us to adopt this principle. On the contrary, it is largely 
a matter of convention whether we choose to do so or not. The main 
reason in favour of the principle lies in the relatively simple nature 
of the rules of operation to which it leads. We have, e. g., the simple 
addition rule (15.6.2) for the variance, while there is no analogue for 
the other dispersion measures discussed above. 

15.7. Tchebycheff’s theorem. — We shall now prove the following 
generalization of a theorem due to Tchebycheff: 

Let p(§) he a non-negative function of the random variable g. For 
every K>0 we then have 

( 16 . 7 . 1 ) 

where F denotes as usual the pr.f. of 

If we denote by S the set of all g satisfying the inequality g (§) JT, 

the truth of the theorem follows directly from the relation 

Eg(^==Jg(x)dF^KjdF^KP[S). 

— oo S 

It is evident that the theorem holds, with the same proof, even when 
$ is replaced by a random variable § in any number of dimensions. 

Taking in particular g (?) = (? — m)*, = ifc* a*, where m and a 
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denote the mean and the s. d. of we obtain for every k > 0 the 
Btenayme- Tchehychefi inequality: 

( 15 . 7 . 2 ) 


This inequality shows that the quantity of mass in the distribution 
situated outside the interval m —ka<^<m-\-kai^ at most equal 

to and thus gives a good idea of the sense in which a may be 


used as a measure of dispersion or concentration. 


For the partlcalar distribution of mean m and s. d. a which has a mass 


2 it* 


in each of the points x — m + ka^ and a mass 1 — in the point x = m, we have 

P(| ^ — m I ^ /rcj) = and it is thus seen that the upper limit of the probability 

given by (16.7.2) cannot generally be improved. 

On the other hand, if we restrict ourselves to certain classes of distributions, it 
is sometimes possible to improve the inequality (16.7.2). Thus it was already shown 
by Gauss in 1821 that for a unimodal distribution (cf 16.6) of the continuous type 
we have for every k > 0 

(16.7.3) 


where Xq is the mode, and t* = a* + (x^ — m)* is the second order moment about 
the mode. A simple proof of this relation will be indicated in Ex. 4 on p. 266. 
Hence we obtain the following inequality for the deviation from the mean: 

( 15 . 

for every Jlc > 1 s |, where s denotes the Pearson measure of skewhess defined by 
(16.8.3). For moderate values of |«|, this inequality often gives a lower value to the 
limit than (16.7.2). Thus if |s| < 0.26, the probability of a deviation exceeding 3a 
is by (16.7.4) smaller than 0.0624, while (16.7.2) gives the less precise limit 0.1111. 
For the probability of a deviation exceeding 4 a, the corresponding figures are 0.0336 
by (16.7.4), and 0.0626 by (16.7.2). 


15.8. Measures of skewness and excess. — In a symmetric distri¬ 
bution, every moment of odd order about the mean (if existent) is 
evidently equal to zero. Any such moment which is not zero may 
thus be considered as a measure of the asymmetry or skewness of the 
distribution. The simplest of these measures is which is of the 
third dimension in units of the variable. In order to reduce this to 
zero dimension, artd so construct an absolute measure, we divide by 
a® and regard the ratio 
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(15.8.1) 



as a measure of the skewness. We shall call the eorffieimt 
$h9wne88. 

In statistical applications, we often meet unimodal continuous 
distributions of the type shown in Fig. 7, where the frequency curre 
forms a >long taiU on one side of the mode, and a >short tail* on 
the other side. In the curve shown in Fig. 7, the long tail is on the 
positive side, and in /i, the cubes of the positive deviations will then 
generally outweigh the negative cubes, so that will be positive. 
We shall call this a distribution of positive sJceumesa. Similarly we 
have negative skewness when is negative; the long tail will then 
generally be on the negative side. 

Reducing the fourth moment ^4 to zero dimension in the same 
way as above, we define the coefficient of excess 


(15.8.2) 



which is sometimes used as a measure of the degree of flattening of 
a frequency curve near its centre. For the important normal distribu¬ 
tion (cf 17.2), y^ is equal to zero. Positive values of y^ are supposed 
to indicate that the frequency curve is more tall and slim than the 
normal curve in the neighbourhood of the mode, and conversely for 
negative values. In the former case, it is usual to talk of a positive 
excessy as compared with the normal curve, in the latter case of a 
negative excess. This usage is, however, open to certain criticism 
(cf 17.6). 

In the literntnre, the quantities » y\ and — often nsed instead 

of y, and y,. 

Many other measnres of skewness and excess have been proposed. Thus K. 
Pearson introduced the difference between the mean and the mode, divided hy the s. d.: 



as a measure of skewness. For the class of distributions belonging to the Pearson 
system (cf 19.4), it can be shown that 

. ^ y. •) 

2(6y,-«y! + e) 

When y, and y^ are small, this gives approximately 

* “ 4 yi — m — 4 y, o. 
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The last relation also holda approximately for diatribntiona giren by the Edgeworth 
or Charlier expanaiona (cf 17.6—17.7). Charlier naed the ooefflcient ^ i yi aa 

meaanre of akewneaa, and aa meaanre of exceaa. 

15.9. GhnnicteHntic functions. — The mean value of the particular 
function will be written 

(15.9.1) y (<) = £(«"*■) = / <f**dF(x). 

— oo 

This is a function of the real variable i, and will be called the charac¬ 
teristic function (abbreviated c.f.) of the variable I, or of the corre¬ 
sponding distribution. The reader is referred to the discussion of the 
mathematical theory of characteristic functions given in Oh. 10. 

It follows in particular from this discussion that there is a one- 
to-one correspondence between distributions and characteristic func¬ 
tions. If two distributions are identical, so are their c. fis, and con¬ 
versely. This property has important consequences. In many problems 
where it is required to find the distribution of some given random 
variable, it is relatively easy to find the c. f. of the variable. If this 
is found to agree with the c. f. of some already known distribution, 
we may conclude that the latter must be identical with the required 
distribution. 

The c. f. of any function ^(§) is the mean value of In the 

particular case of a linear function p (§) = a g + 6 the c. f. becomes 

(15.9.2) = 

Thus e. g. the variable — S has the c. f. (p[— t) = g>(ty Further, the 
standardized variable (5 •— m)/a has the c. f. 



15.10. Semi -invariants. — If the ^:th moment of the distribution 
exists, the c. f. may according to (10.1.3) be developed in MacLaurin's 
series for small values of t: 

(15.10.1) 9p«)=1 + 2^(»<)' + o«*)- 

1 

For the function log (1 + r) we have the corresponding development 
e 

log (1 + i’) = Y — ^ ± ^ + o(«*). 
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Bepbeing here 1 -f ir by (<), we obtain after rearrangement of the 
terms a development of the form 

(15.10.2) log9»(#) = 2^(» <)' + «>(<*)• 

1 

The coefficients were introdnced by Thiele (Bef. 37), and are called 
the aemi-invarianU or eumulanta of the distribution. 

In order to deduce the relations between the moments ofr and the 
semidnyariants x,, we may use the identities 

log 91 (<)=log ^1 + 2 ^ (* 

1 

in a purely formal way, without paying any attention to questions 
of existence of moments or convergence of series. It is seen that Xn 
is a polynomial in 0 |, . . On, and conversely an is a polynomial in 
X|, . . Xm. In particular we have 

Xj = o, = w, 

X, = «! — aj = <7*, 

(15.10.3) X 3 == Uj — 3 a, a, + 2 aj, 

X 4 = — 3 a} — 4 Ui Oj + 12 o? a, — 6 a}, 


and conversely 

«i = *11 

«♦ = x, -f xJ, 

(15.10.4) a, = x, + 3 X, X3 + xJ, 

04 = X 4 4- 3 x2 + 4 X| X, + 6 X? Xj + x}, 


In terms of the central moments the expressions of the x« become 
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*1 

*1 = /«»= ff*. 

** = /*». 

(16.10.6) xt — — 

xj = ^*5 — 

*« = A*8 — 15/**A*4 — lO#*; + 30/i}, 


80 that the coefficients of skewness and excess introduced in 15.8 are 
= ± and = 

The aemi-inyariants xt of a linear function g(§) = + b are, by 

(15.9.2), found from the development 

log [«“' g) (a «)1 = 2 ^ ® 

1 

Comparing^ with (15.10.2), we obtain the expressions 

xl = axi + bf and xi = a* x» for r > 1. 

15.11. Independent variables. Let | and rj be random variables 
with the d. f:8 JP, and F„ and the joint pr. f. P. By (14.4.5) a ne¬ 
cessary and sufficient condition for the independence of ^ and t) is 
that the joint d. f. of the variables is, for all x and y, given by the 
expression') 

(16.11.1) F(x,if) = P(S^x,ti^y) = Fi(x)Ft(y). 

When both variables have distributions belonging to the same simple 
type, the independence condition may be expressed in a more con¬ 
venient form, as we are now going to show. 

Consider first the case of two variables of the discrete type, with 
distributions given by 

P(5 = X^) = Pr, P(»? = y^) = «r, 

where v = 1, 2, . . . It is then easily seen that the independence con¬ 
dition (15.11.1) is equivalent to 

(15.11.2) P(g = ^ = y*-) 

for all values of p and r. 

Another necessary and sufficient condition will be given in 21.3. 
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In the eaie of two ▼arieblee of the eonttfmoMt tjpe, the independ¬ 
ence condition (15.11.1) maj be differentiated with respect to a; and p, 
and we obtain 

(16.11.8) /(*.») 

where /| and /, are the fr. fia of S uid while / ii according to 
8.4 the fr. f. of the joint distribution, or the joint fr,f, of $ and 
Conrerselj, from (15.11.3) we obtain (15.11.1) bj direct integration. 

Thus a necessary and sufficient condition for independence is given 
by (15.11.2) in the case of two discrete variables, and by (15.11.8) in 
the ease of two continuous variables. Both conditions immediately extend 
themselves to an arbitrary finite number of variables. 

15.12. Addition of Independent variables. — Let f and ^ be in¬ 
dependent random variables with known distributions. By 14.5, the 
sum S + 17 has a distribution uniquely determiued by the distributions 
of § and 17 . In many problems it is required to express the d. f., the 
c. f., the moments etc. of this distribution in terms of the corresponding 
functions and quantities of the given distributions of £ and 17 . The 
problem may, of course, be generalised to a sum of more than two 
independent variables. 

We shall first consider the c. f:s. Let 9Pi(0i 7i(4 9 ’(^) denote 

the c. f :8 of 17 and 5 + 17 respectively. We then have, by the theo¬ 
rem (15.3.4) on the mean value of a product of independent factors, 

g>(t)=-E +n)) e^^n) 

This relation is immediately extended to an arbitrary finite number 
of variables. If ^re independent variables with the c. f:s 

^i(f), . . ., ^fi( 0 , the c. f. y>{t) of the sum f, H--f- is thus given by 

the relation 

(16.12.1) y(<) = . .. j?,(<), 

SO that we have the following important theorem, which expresses a 
fundamental property of the c. frs. 

The characteristic function of a sum of independent variables is equal 
to the product of the characteristic functions of the terms. 

We now want to express the d. f. of the sum f + 17 by means of 
the d. fIS Fi and of the terms. This problem will be treated as an 
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example of the g^eneral method (cf 10.3 and 15.9) of finding a d. f. 
with the aid of its c. f. Consider the integral 

F(x) = j 

— OD 

Since I\ is bounded, this integral has by 7.1 a finite and determined 
value for every x. Now Fy^(x — z) is, for every fixed z, a never de* 
creasing function of x which is everywhere continuous to the right, 
and tends to 1 as x -*■ -f «, and to 0 as a; — oo. Consider the 
difference F(x h) — F(x), where h> 0. It follows from (7.1.4) that 
this difference is non-negative, and from (7.3.1) that it tends to zero 
with h. It further follows from (7.3.1) that F(x) tends to 1 as 
.r+ Qc, and to 0 as Thus /'’(r) is a d. f. The corre¬ 

sponding c. f. 

ao 


is, by (7.5.6), the limit as n -> oo of a sum Sn of the form 

1 

provided that the maximum length of the sub-intervals ( 0 :^- 1 , a;^) tends 
to zero, while Xo — Qo and Xn . Introducing here the inte 

gral expression of -F(x), we obtain 

— 00 

where 

1 

X» — Xy — z. 

As w Qo, tends for every fixed z to the limit 

00 

lim sj, = f €*”‘(1 F, (x) = 9 D 1 (<)• 

— 00 

Further, is uniformly bounded, since we have 
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Acoording* to (7.1.7) it then follows that 

Um (<) /<"* dFt W = g>i (t) q>t (t). 

— • 

Thus the o. f. of F(x) is identical with the o. f. q>(t) = of the 

sum $ + 17 , so that is the required d. f. Since the functions F^ 
and F, may eridentlj be interchanged without affecting the proof, 
we hare established the following theorem: 

The distribution function F(x) of the sum of two independent vari¬ 
ables is given by the expression 

00 00 

(15.12.2) F(x) = / / Ft(x-e)dFi{e), 

— 00 —00 

where Fi and F* are the distribution functions of the terms}) 

When three d. f:s satisfy (15.12.2), we shall say that F is composed 
of the components F^ and F^, and we shall use the abbreviation 

(15.12.2 a) F(x) - F, (x) * F, (x) = F, {x) * F^ (x). 

By (15.12.1), this symbolical multiplication of the d. f:s corresponds to 
a genuine multiplication of the c. f:s. 

If the three variables $|, and $3 are independent, an evident 
modification of the proof of (15.12.2) shows that the sum £1 + I 3 

has the d, f. (Fj * F,) * F, = Fj * (F, * F,). Obviously this may be 
generalized to any number of components, and it is seen that the opera¬ 
tion of composition is commutative and associative. For the sum 
Si + —I- Sn of n independent variables we have the d. f. 

(15.12.3) F = F, * F, * • • • * Fn. 

Let us now consider the following two particular cases of the 
composition of two components according to (15.12.2): 

a) Both components belong to the discrete type (cf 15.2). 

b) Both components belong to the continuous type, and at least 
one of the fr. f:s, say f = Fl, is bounded for all x. 

In case a), let x^, . . . and y,, ^f, . . . denote the discontinuity 
points of Fi and F, respectively. It is then evident that the total 

') The reader should try to construct a direct proof of this theorem, without the 
use of characteristic functions. It is to be prored that, in the two*dimensional 
distribution of the independent Tariables | and the mass quantity F{x) situated 
in the half-plane { + q ^ x is j^iren by (16.13.2). Cf. Cramdr, Ref. 11, p. 86. 
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mass of the composed distribution is concentrated in the points 
Xr + where r and s independently assume the values 1,2,... If 
the set of all these points has no finite limiting point, the composed 
d. f. thus also belongs to the discrete type. This is the case e. g. 
when all the Xr and are non-negative, or when at least one of the 
sequences {xr} and is finite. 

In case b), the first integral in (15.12.2) satisfies the conditions for 
derivation with respect to x (cf 7.3.2). Further, by (7.3.1) and (7.5.5), 
the derivative F' (x) = /(x) is continuous for all x, and may be ex¬ 
pressed as a Biemann integral 

00 00 

(15.12.4) /(x) = //i (x — x)/, (z) dz = — ^)/, {^) dz. 

*-00 —00 

Thus the composed distribution belongs to the continuous type, and 
the fr. f. /(x) is everywhere continuous. 

Returning to the general case, we denote by mj, and m the 
means, and by Cj, o, and a the s. dts of rj and ^ + rj respectively. 
Since f and rj are independent, we then have by (15.3.7) and (15.6.1) 

(15.12.5) m = m, + mjj, <j* ~ o? + 

For the higher moments about the mean, a general expression is de- 
duced from the relation 

/t, — E [(§ + — m)’) = E 1(1 — m, + tj — m,)’). 

Since any first order moment about a mean is zero, we have in par¬ 
ticular, using easily understood notations, 

(15.12.6) -f 


The composition formulae for moments are directly extended to 
the case of more than two variables. For the addition of n indepen¬ 
dent variables, we thus have the following simple expressions for the 
moments of the three lowest orders: 

W = m, -f Wj + • • + win, 

(15.12.7) <7* = a?4 <75+ • • +aj, 

^3 = 4 - ... 4 * 


For the higher moments (v > 3), the formulae become more complicated. 
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Finallj, we shall consider the semi-inTariants of the composed 
distribution. The multiplication theorem for characteristic functions 
gires ns 

log q> (<) = log 9 >, (!) + log f, (t). 

Hence we obtain by (16.10.2) x, » x|,'> + x<*>. This simple composition 
mle is the chief reason for introducing the semi-inTariants. The ex* 
tension to the case of n independent rariables is immediate and gires 

(16.12.8) X, = xt‘^ + xW -f • • • + xt;). 


CHAPTER 16. 

Various Discrete Distributions. 


16.1. The function f(ac). — The simplest discrete distribution has 
the total mass 1 concentrated in one single point, say in the point 
X »0. This is the distribution of a variable i which is »almost al- 
ways» equal to zero, i. e. such that P(^=s0)=»l. The corresponding 
d. f. is the function <(x) defined by (6.7.1): 


(16.1.1) 



for X < 0, 

» X ^ 0. 


The c. f. is identically equal to 1, as we have already remarked in 10.1. 

More generally, a »variable» which is almost always equal to Xq 
has the d. f. «(x —Xq) and the c. f. The mean of this variable 
is x^ and the s. d. is sero. Conversely, if it is known that the s. d. 
of a certain variable is equal to sero, it follows (cf 16.6) that the 
whole mass of the distribution is concentrated in one single point, so 
that the d. f. must be of the form f(x —Xq). 

The general d. f. of the discrete type as given by (16.2.1) may be 
written 

(16.1.2) P(x)- 2p^ • (as — *,). 


Let vs coneidev tlie perticnlw caae of a discrete rariable §, the distri¬ 
bution of which is specified in the following way: 


(16.1.8) 


s 


1 with the probability p, 

0 » » > (f=.l—j». 
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In the following^ paragraph, we shall make an important use of 
variables possessing this distribution. From (16.1.2) we obtain the 
d. f. of S 

F(x) =ps(x— 1) + 

and hence the c.f. 

(16.1.4) q>(t)=pe*^ ■¥ +p(c''-l). 

The mean and variance of | are 

(16 1 5) + 70=;?, 

D*(5) = —pf) = p(l —p)* -f ^(0 —/>)* = 


16.2. The binomial distribution. — Let (£* be a given random ex¬ 
periment, and denote by E an event having a definite probability p 
to occur at each performance of (^. Consider a series of independent 
repetitions of (£* (cf 14.4), and let us define a random variable £,• 
attached to the r:th experiment by writing 




n 

)o 


when E occurs at the r:th experiment (probability = p), 
otherwise (probability = ^ == 1 —• p). 


Then each has the probability distribution (IG.1.3) considered in 
the preceding paragraph, and the variables ?i, . . ., are independent. 

Obviously fr denotes the number of occurrences of E in the r:th ex¬ 
periment, so that the sum 

y == + Si + • • ■ + 

denotes the total rrumber of occurrences of the event E in our series of 
n repetitiojis of the experiment 6. 

Since v is a sum of n independent random variables, it is itself 
a random variable'), the distribution of which may be found by the 
methods developed in 15.12. Thus we obtain by (15.12.7) and (16.1.5) 
the following expressions for the mean, the variance and the s. d. of v\ 

(16.2.1) E(v) = np, D*(v)=^npq, D(v) = V npq. 


*) Throughout the genernl theory developed in the preceding chapters, we have 
systematically used the letters ^ and v to denote random variables. From now on it 
would, however, be inconvenient to adhere strictly to this rule. We shall thus often 
find it practical to allow any other letters (Greek or italic) to denote random variables. 
It will thus always be necessary to observe with great care the significance of the 
various letters used in the formulae. 
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The ratio vin expresses the frequency of E in our series of n repeti¬ 
tions. For the mean and the s. d. of vjn, we have 

(16.2.2) 

The c.f. of V is by (15.12.1) equal to the product of the c.f:8 of 
all the 5r, and thus we obtain from (16.1.4) 

(16.2.3) = [pe^^ + (/)" = (1 + - l))^ 

Developinjy the first expression by the binomial theorem, we find 

£(«"’)= i; (")?'■ 9'- 


By (10.1.5) this is, however, the c.f. of a variable which may assume 

the values r = 0, 1, . . ., n with the probabilities Pr= 

Owing to the one-to-one correspondence between distributions and char¬ 
acteristic functions, we may thus conclude (cf 15.9) that the probability 
distribution of v is specified by the relation 

(16.2.4) P(v = r) = Pr = (r = 0, 1, . . ., ti). 

This is the binomial distribution, the simplest properties of which we 
assume to be already known. It is a distribution of the discrete type^ 
involving two parameters n and p, where n is a positive integer, 
while 0 <^ < 1. (The cases /> = 0 and p = 1 are trivial and will be 
excluded from our discussion.) The corresponding d.f. 

(1«.2.5) B„(x\p) = P(v^x)= 


is a step-function, with steps of the height P,- in the n + 1 discrete 
mass points r = 0, 1, . . 

In order to find the moments fir about the mean of the binomial 
distribution, we consider the c.f. of the deviation This is 
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4-g)» 

= (pe^^* + qe’'P'^*Y 
= 9'+ «(-;>)') • 

Thus all moments fir are finite and may be found by equating coeffi¬ 
cients in the relation 

09 .r r « .rl” 

In particular, we find 

= = apq^ 

(16.2.6) = np>l(q — p), 

= 3n’j>*5* + npq(\ — 6pg), 


For the coefficients of skewness and excess, we thus have the expressions 
^ nTpq »P9 ' 

The skewness is positive for p < negative for p > i, and zero for 
p = i. Both coefficients y, and y, tend to zero as n -> <». 

Let Vj and denote two independent variables, both having bino¬ 
mial distributions with the same value of the parameter p, and with 
the values »j and w, of the parameter n. We may, e. g., take v, and 
V, equal to the number of occurrences of the event E in two indepen¬ 
dent series of tij and r?, repetitions of the experiment 1^. 

The sum -f v, is then equal to the number of occurrences of E 
in a series of 4- n, repetitions. Accordingly the c. f. of is 

(cf 15.12) 

== £;(«»'*•) A" (e*’*’'*) 

= (pe'* 4 qf^(p€^^ 4- g-)”* 

==(pe“ 4* 

This is the c. f. of a binomial distribution with the parameters p and 
it| 4- n|. Thus the addition of two independent variables with the 
d. f:8 p) and Bnt(x]p) gives (as may, of course, also be directly 
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perceived) a variable with the d. f. /?). In the abbreviated 

notation of (15.12.2 a) this may be written 

p) * Bn,(x\ p) = p). 

Thus the binomial distribution reproduces itself hy addition of indepen¬ 
dent variables. We shall call this an addition theoreffi for the bino¬ 
mial distribution. Later, we shall see that similar (but less evident) 
addition theorems hold also for certain other important distributions. 


16.3. Bernoulli’s theorem. — For the frequency ratio v/n considered 
in the preceding paragraph, we have by (16.2.2) 




We now apply the Bienayme-Tchebychef inequality (15.7.2), taking 
“-‘VI' where e denotes a given positive quantity. Denoting by 

P the probability function of the variable v, we then obtain the 
following result: 

(16.3.1) p( -= 

\ » I / It €' 4 


If d denotes another given positive quantity, it follows that, as soon 

as we take » > probability on the left hand side of (16.3.1) 

becomes smaller than d. Since d is arbitrarily small, we have proved 
the following theorem. 

The probability that the frequency vtn differs from its mean value 
p hy a quantity of modulus at least equal to e fends to zero as it oo, 
however small £ > 0 is chosen. 

This is, in modern terminology, the classical Bernoulli theorem, 
originally proved by James Bernoulli, in his posthumous work Ars 
Conjectandi (1713), in a quite different way. Bernoulli considered the 
two complementary probabilities 


il-p 

II 

Alt 

(:) 


1 r—npj feue 


[1-- 

<.)- 2 ( 



1 r - nj)! »i« 
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and proved bj a direct evaluation of the terms of the binomial ex¬ 
pansion that, for any given s > 0, the ratio may be made to 

tiX 

exceed any given quantity by choosing n sufficiently large. 

The varUble v is, a€Cordlag to the preceding paragraph, attached to a combined 
experiment, consisting in a series of n repetitions of the original experiment 6. Thns 
by 18.6 any probability statement with respect to v is a statement concerning the 
approximate valne of the frequency of some specified event in a series of repetitions 
of the Combined experiment. The frequency interpretation (cf 13.6) of any such 
probability statement thus always refers to a series of repetitions of the combined 
experiment. 

Consider e. g. the frequency interpretation of the probability izr defined above. 
We begin by making a series of n repetitions of the experiment and noting the 
number v of occurrences of the event E. This is our first performance of the com¬ 


bined experiment. If the observed number v satisfies the relation 


e, we 


say that tAe event E' occurs in the first combined experiment. The event E* has 
then the probability ts*. 

We then repeat the whole series of n experiments a large number n of times, 
so that we finally obtain a series of W repetitions of the combined experiment. The 
total number of performances of & required will then, of course, be n"n. Let r' 
denote the number of occurrences of E' in the whole series of n" repetitions of the 
combined experiment. The frequency interpretation of the probability cr then consists 
in the following statement: For large values of n', it is practically certain that the 

y' 

frequency will be approximately equal to iff. 
n 

Now the Bernoulli theorem as expres.sed by (16.3.1) shows that, ns soon os we 

take n > - y j , we have tV < d, where 6 is given and arbitrarily small. In a long 
4 o f 

aeries of repetitious of the combined experiment (i. e. for large n), we should then 

expect the event j ^ — p | ^ e to occur with a frequency smaller than 6. Choosing 

for 6 some very small number, and making one single performance of the combined 
experiment, i. e. one single series of n repetitions of the experiment Cr, we may then 


(cf 18.6) consider it as practically certain that the event 


will not occur. 


What value of 6 w’c should choose in order to realize a satisfactory degree of 
^practical certainty* depends on the risk that we are willing to run with respect to 
a failure of our predictions. Suppose, however, that we have agreed to consider a 
certain value do sufficiently small for our purpose. Returning to the original 
event E with the probability p, we may then give the following more precise state¬ 
ment of the frequency interpretation of this probability, as given in 13.5: 

Let e > 0 be given. If we choose n > ** practically certain that^ in 

one single series of n repetitions of the expemment tr, we shall have I - — p 1 < e. 
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This statement may be called the frequency interpretation of the Bernoulli theorem. 
Like all frequency interpretations, this is not a mathematical theorem, but a state¬ 
ment concerning certain obserrable facts, which must hold true if the mathematical 
theory is to be of any practical value. 

16.4. De Moivre's theorem. — The random variable 

(16.4.1) v = + + 

considered in the two preceding paragraphs has, by (16.2.1), the mean 
np and the standard deviation 1 npq. The standardized variable (cf 15.6) 

(16.4.2) 

] npq 

thus has the mean 0 and the s. d. 1. The transformation by which 
we pass from v to A consists, of course, only in a change of origin 
and scale of the variable. The ordinates in the diagram of the prob¬ 
ability distribution have the same values for both variables. We have, 
in fact, using the same notations as in the preceding paragraphs. 



for r = 0, 1, . . ., n. 

The d. f. and the c. f. of the variable v are given by (16.2.5) and 

(16.2.3) . Denoting by i^n(^) and g>n(t) the corresponding functions of 
the standardized variable A, we obtain (cf 15.9) 

i\x (x) — Bn{np ’\r X Yupq ; p), 

(16.4.3) / 

fpn{t) = \peynim qe ^npq) . 

We shall now consider the behaviour of the probability distribution} 
of ^ for increasing values of w, when p has a fixed value. We begin 
by making a transformation of the above expression for the c.f. q>n (0- 
For any integer A; > 0 and for any real z we have the MacLaurin 
expansion 

(16.4.4) = 

0 

where we use ^ as a general symbol for a real or complex quantity 
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of modulus not exceeding unitj. Using this development with it = 3, 
we obtain 


pe^ npg 


-P+ T7=- 


Vn 


pq 


P 4. o y *?'*<* 
2npq 3! (w|? 7 )"^*’ 


qe 


pqit p*qt* 
2npq 

and hence, introducing in (16.4.3), 


+ & 


Q 

3\(ii p qY'' ’ 


Writing 

this gives us 


—_ -h — — 

^ 2 (pq)‘l'\ 'n 

log5P«(0 = y ’^log (1 ¥ 


Now as n tends to infinity while t remains fixed, it is obvious that y 

tends to Hence ^ tends to zero, and - log (l + ~\ tends to 

2 w y ^ \ nf 

ft 

unity. It then follows that log g>n(t) tends to ~ and finally that 

-C. 

q>n (t)-^ e * 

for every t. 

We are now in a position to apply the continuity theorem 10.4 
for c. f:s. We have just proved that the sequence (9>n(^)} of c.fis 

defined by (16.4,3) converges, for every t, to the limit e which is 
continuous for all t By the continuity theorem we then infer 1) that 

the limit e ^ is itself the c. f. of a certain d.f., and 2) that the sequence 
of d.f:s {Fn(a:)} defined by (16.4.3) converges to the d.f. which cor- 

responds to the c.f. e 

Now we have by (10.5.3) and (10.5.4) 




J e^^^cl0(x)j 
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where 

— • 

SO that e ^ is the c. f. of the d.'f. <D(x) given by the last expression. 
This is the important normal distribution function that will be se¬ 
parately treated in the following chapter. For our present purpose 
we only observe that <P(a5) is continuous for every x. We have thus 
proved the following limit theorem for the Hnomial distribution first 
obtained by De Moivre in 1733: 

For every fixed x and p, ive have 

(16.4.5) lim Bn (np + x Vnpq ; p) = <P(ar). 

n-^flo 


Thus the binomial distribution of the variable v == + * * • + Sn, 

appropriately standardized by the mean and the s. d. according to 
(16.4.2), tends to the normal distribution as n tends to infinity. We 
shall see later (cf 17.4) that this is only a particular case of a very 
general and important theorem concerning the distribution of the sum 
of a large number of independent random variables. — The method 
of proof used above has been chosen with a view to prepare the 
reader for the proof of this general theorem. In the present particular 
case of the binomial distribution it is, however, possible to reach the 
same result also by a more direct method, without the use of char¬ 
acteristic functions. This is the method usually found in text-books, 
and we shall here content ourselves with some brief indications on 
the subject, referring for further detail to some standard treatise on 
probability theory. 

The relation (16.4.5) is equivalent to 
(16.4.6) _ 2j _ = f e~idt 

npi■?.^Vnpq<vSinp+lfynpqy^f 

for any fixed interval (Aj, A,). Now (16.4.6) may be proved by means 
of a direct evaluation of the terms in the binomial expansion. For 
this purpose, we express the factorials in the binomial coefficient 
appearing in (16.4.6) by means of the Stirling formula (12.5.3). We 
then obtain after some calculations the expression 





II 


C 


pq 
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where C7 it a quantity depending on p, but not on v or n, while ^ 
hat the tame tignificance at before. The first member of (16.4.6) is 
thus equal to 

_1_y -i 

V27tnpq 

the turn being extended over the same values of v as in (16.4.6). As 





Seal* of 

Fig. 8. Distribution function of v (or X) and normal distribution function. 
p — 0.8, n — 6. 
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Seal* of 

-T -i H *0 T ~~ r" 3 4~ 

Fig. 11. Vnpq' normal frequency function. p = 0.8, n — 30. 


fi -> oo, the second term in this expression tends to zero, while the 
first term is a Darbouz sum approximating the integral in the second 
member of (16.4.6) and tending to this integral as its limit. Thus 
(16.4.6) is proved. 

For the graphical illustration of the limit theorem (16.4.5), we may 
in the hrst place have recourse to a direct comparison between the 
graphs of the distribution functions Bn and (Z>, as shown in some 
cases by Figs. 8—9. We may, however, also use the relation (16.4.7). 
If we allow here v to tend to infinity with w, in such a way that 



tends to a finite limit a;, we obtain 
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1 

e 9. 




If the scale of v is transformed by choosindf the mean tip as origin 
and the s. d. Vnpq as unit, and if at the same time every probability 
is multiplied by Vnpq, the upper end-points of the corresponding 

1 t 

ordinates will thus approach the frequency-curve y- 


normal distribution, as n -> oo. 


of the 

This is illustrated by Figs. 10—11. 


16.5. The Poisson distribution. — In the preceding paragraph, we 
have seen that the discrete binomial distribution may, by a limit pas¬ 
sage, be transformed into a new distribution of the continuous type, 
viz. the normal distribution. 

By an appropriate modification of the limit passage, we may also 
obtain a limiting distribution of the discrete type. Suppose that, in 
the binomial distribution, we allow the probability p to depend on n 
in such a way that p tends to zero when n tends to infinity. More 
precisely, we shall suppose that 

(16.5.1) p = ^. 


where I is a positive constant. For the probability Pr given by (16.2.4) 
we then obtain, as n 


p 1 ) 


(n - 


r! 




n) n ) ^ ^ , 

ilT nf (l--)' 


for every fixed r = 0, 1, 2, . . .. The sum of all the limiting values 
is unity, since we have 


oe 

2 





If the probability distribation of a random rariable $ is speciBed by 


(16.6.2) 




for r = 0, 1, 2, . . ., 
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5 is said to possess a Poisson distribution. This is a discrete distribu¬ 
tion with one parameter A, which is always positive. All points- 
r = 0, 1, 2, . . . are discrete mass points. Two cases of the distribution 
are illustrated by Figs. 12—13. 

The c. f. of the Poisson distribution is 

(1«.5.3) £(«"-■)= 

r-0 

According to (15.10.2), this shows that the semi-invariants of the 
distribution are all finite and equal to A. From the two first semi¬ 
invariants, we find the mean and the s. d. of the Poisson distribution ; 

E(i) = A, D(^)^Vl 
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Writing 1 ? “ in the second expression (IG.2.3) of the c. f. of the 

binomial distribntion, and allowing n to tend to inBnitj, it is readily 
:seen that this function tends to the c. f. (16.5.3) of the Poisson distri< 
bution. By the continuity theorem 10.4, it then follows that the bino¬ 
mial distribution tends to the Poisson distribution, which confirms 
the result already obtained by direct study of the probability Pr. 

It is also easily shown that the condition (16.5.1) can be replaced 
by the more general condition np k, without modifying the result. 

Finally, if and are independent Poisson-distributed variables, 
with the parameters and Aj, the sum -f St has the c. f. 


This is the c. f. of a Poisson distribution with the parameter A^ + A^. 
Thus the sum + St has a Poisson distribution with the parameter 
A^ + Aj, and we see that the Poisson distribution, like the binomial 
has the property of reproducing itself by addition of independent 
variables. Denoting by i^(a;; A) the d.f. of the Poisson distribution, 
the addition theorem for this distribution is expressed by the relation 

(16.5.4) F(x] Aj) * F(x; A,) == F(x; A, -f A,). 

In statistical applications, tbe Poisson distribution often appeors when we ure 
concerned with tbe number of occurrences of a certain event in a very large number 
of observations, tbe probability for the event to occur in each observation being very 
small. Examples are: the annual number of suicides in a buman'^ population, the 
number of yeast cells in a small sample from a large quantity of suspension, etc. 
Of e. g. Bortkiewicx, Ref. 63 a. 

In an important group of applications, tbe fundamental random e.\periment con* 
sists in observing the nnmber of occurrences of a certain event during a time inter¬ 
val of duration f, where tbe choice of t is at our liberty. This situation occurs e. g. 
in problems of telephone traffic, where we are concerned with tbe number of tele¬ 
phone calls during time intervals of various durations. — Suppose that, in such a 
case, the numbers of occurrences during non-overlapping time intervals are always 
independent. Suppose further that the probability that exactly one event occurs in 
an interval of duration Jt is, for small Jt, equal to 

/ff-+• 

where A is a constant, while the corresponding probability for the occurrence of more 
than one event is — Dividing a time interval of duration t in n equal parts, 

we may consider the n parts ns representing n repetitions of a random experiment, 
where tbe probability for tbe event to occur in each instance is 
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Allowing n to tend to infinity, we find that the total number of events occurring 
daring the time t will be distributed in a Poisson distribution with the parameter 
Xt — Variables of this type are, besides the number of telephone calls already 
mentioned, the number of disintegrated radioactive atoms, the number of claims in 
an inshrsnce company, etc. 

16.6. The generalized binomial dlatrlbution of Poisson. — Suppose 
that , ..., are n raudom experiments, such that the random vari¬ 
ables attached to the experiments are independent. With each experi¬ 
ment Sr, we associate an event Er having the probability pr = 1 — to 
occur in a performance of Sr. 

Let us make one performance of each experiment Si, .... Sn, and 
note in each case whether the associated event occurs or not. We 
shall call this a series of independent trials. If, in the experiment 
Sr, the associated event Er occurs, we shall say that the r:th trial 
is a s%icce88\ in the opposite case we have a failure. Let v be the total 
number of successes in all n trials. What is the probability distribu¬ 
tion of V? 

In the particular case when all the experiments Sr and all the 
events Er are identical, v reduces to the variable considered in 16.2, 
and the required distribution is the binomial distribution. The general 
case was considered by Poisson (Ref. 32). 

In the same way as in 16.2, we define a variable $r attached to 
the r:th trial, and taking the value 1 for a success (probability pr), 
and 0 for a failure (probability qr= I — Pr). The variables , ..., fn 
are independent, and each hae a distribution of the form (16.1.3). 
As in the previous case, the total number of successes isv~^i + 

+ -+-••• + frt. 

The c. f. of the random variable v is the product of the c. f:s of 
all the Sr' 

£(e*‘-)-]J(p.e'^ + gr). 

rasl 

The possible values for v are v == 0,1, ..., v?, and the probability that 
V takes any particular value r is equal to the coefficient of in the 
development of the product. 

For the mean value and the variance of v we have the expres¬ 
sions 
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(16.G.1) 


Ew=2 e(W = 2p'' 
1 1 


Denoting by P the probability function of r, and writing p for the 
1 ” 

arithmetic mean ^/>r, an application of the Bienaym4-Tchebjcheff 

1 

inequality (15.7.2) now gives the result analogous to (16.3.1) 

(I8.«.2) P(l '-, £.)s??4'S A- 

' \lw / 4nf* 


We thus have the following generalization of Bernoulli's theorem found 
by Poisson: 

I'he probability that the frequency of successes v/n differs from the 
arithmetic mean of the probabilities pr by a quantity of modulus at least 
equal to e tends to zero as n <x), however small e > 0 is chosen. 


The frequency interpretation of the generalized theorem is quite similar to the 
one given in 16.3 for the Bernoulli theorem. Consider in particular the case when 
alt the probabilities are equal to p. We then see that in a long $eriei of indepen- 
dent trials^ where the probability of a success is constantly equal ttt p, tliofigh all trials 
may be different experiments^ it is practically certain that the frequency of successes 
axil be approximately equal top. 

There is also a generalization of De Moivre's theorem (16.4.6) to the present case. 
This will, however, not be proved here, but will be deduced later as n.particular case 
of a still more general theorem to be proved in 17.4. 

For the variance of v, we have found the value (v) = 2 In a series of n 


trials with the constant proliability ^ JJp,., the corresponding variance is npq. 


where 7 = 1 — p = 


1 

n 


Hr- 


In order to compare the two variances we write 


51p,9r= + (9 + 9r“9) 

= S ( J» + P, - J*) (7 + P -Pf) 
= »P9-5:(Pr-p)’- 


Thus the »Poisson variance* £ p^ q^ is always smaller than the corresponding »Her* 
noolli variance* npq. At first sight, this resnlt may seem a little surprising. It be¬ 
comes more natural if we consider the extreme case when all the probabilities p^ are 
equal to 0 or 1, both values being represented. The Poisson variance is then equal 
to zero, while the Bernoulli variance is necessarily positive. 
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CHAPTER 17. 

The Normal Distribution. 


17.1. The normal functions. — The normal distribution function, 
which has already appeared in 10.5 and 16.4, is defined by the relation 


<R(x) = 


X 



2 di. 


The corresponding normal frequency function is 


I -d! 

f 2 7t 


Diagrams of these functions are given in Figs. 14—15, and some nU' 
merical values are found in Table 1, p. 557. 

The mean value of the distribution is 0, and the s. d. is 1, as 
shown by (10.5.1): 


(17.1.1) 



oe 



— PO 


d! 

® (lx = 0, 


*L 

dx = 1. 


Generally, all moments of odd order vanish, while the moments of 
even order are according to (10.5.1) 

(17.1.2) I* Jia; = 1-3 - .... (2.> - n. 

— oo —00 

Finally, the c. f. is by (10.5.4) 

(17.1.3) f e"*d<I)(x) = ^7|=: Jedx = T*. 
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17.2. The normal distribution. — A random variable f will be 
said to be normally distributed with the parameters m and a; or briefly 


normal (m, o), if the d. f. of g is 0 ^ j ’ where a > 0 and 


m are 


constants. The fr. f. is then 


1 

a 




e 


ao* 


and we obtain from (17.1.1) 
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E(|) = 



dx^—^z: I (m + ax)e ^ dx^m, 

— oo 


D*(?) = 




rfx = o*, 


so that and a denote as usual the mean and the s. d. of the variable. 
The frequency curve 


y 



(x-~ »»)* 
2o“ 


is symmetric and unimodal (cf 15.5), and reaches its maximum at the 
point X = m, so that m is simultaneously mean, median and mode of 
the distribution. For x = m ± a, the curve has two inflexion points. 
A change in the value of m causes only a displacement of the curve, 
without modifying its form, whereas a change in the value of a 
amounts to a change of scale on both coordinate axes. The total area 
included between the curve and the x*axis is, of course, always equal 
to 1. Curves corresponding to some different values of a are shown 
in Fig. IH. 




17.2 


The smaller we take a, the more we concentrate the mass of the 
distribution in the neigfhbonrhood of x = m. In the limiting^ case 
the whole mass is concentrated in the point x=^m, and con- 
seqnently (cf 16.1) the d. f. is equal to £(x — m). This case will be 
regarded as a degenerate limiting case and called a singular normal 

distribution. The corresponding d. f. (P always be inter¬ 

preted as € (a5 — m). 

It is often important to find the probability that a normally dis¬ 
tributed yariable differs from its mean m in either direction by more 
than a given multiple ka oi the s. d. This probability is equal to the 
joint area of the two »tails» of the frequency curve that are cut off 
by ordinates through the points a; = m ± 1. a. Owing to the symmetry 
of the distribution, this is 

z* 

P=P(|?-m|> Aa) = 2(l-<l>a)) = p|= J rfx. 

i 


Conversely, we may regard 1. as a function of P, defined by this 
equation. Then k expresses, in units of the s. d. or, that deviation from 
the mean value m, which is exceeded with the given probability P. 
When P is expressed as a percentage, say P = p/100, the corresponding 




is called the p percent value of the normal deviate 


in!?. 


Some numerical values of p as a function of Ip, and of Ip as a func¬ 
tion of p, are given in Table 2, p. 558. From the yalue of kp for 
p = 50, it follows that the quartiles (cf 15.6) of the normal distribu¬ 


tion are m + 0.6746 a. It is further seen that the 5 % value of 


a 


is about 2.0, the 1 % value about 2.6, and the O.l % value about 3.8. 
Deviations exceeding four times the standard deviation have extremely 
small probabilities. 

c_ m 

The standardized variable -has the d. f. (P (:r) and consequently 

a 

by (17.1.3) the c. f. e ^. It follows from (15.9.2) that the variable $ 
has the c. f. 


(17.2.1) 




From this expression, the semi-invariants are found by (15.10.2), and 
we obtain 
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(17.2.2) X| = m, Xj = a*, Xg = X4='=0. 

The moments about the mean of the variable S 

(17.2.3) iua.+i = 0, Ala, = 1 • 3 • . .. (2x - l)a*^ 

In particular, the coefficients of skewness and excess (cf 15.8) are 


/i = 


& 


= 0 , 



0 . 


Finally we observe that, if the variable S normal (m, a), it 
follows from (15.1.1) that any linear function +‘b is normal 
(am +5, 1 a I a). 


17.3. Addition of independent normal variables. — Let 
he independent normally distributed variables, the parameters of 
being; tn, and o,. Consider the sum 

5 = + §• H— + §M- 


Denoting; 

(15.12.7) 

(17.3.1) 


by w and a the mean and the s. d. of we then have by 

m = wij -f m, 4- • -f jw«, 

0* = + a] -f • • • + oj. 


By the multiplication rule (15.12.1), the c. f. of $ is the product of 
the c. f :s of all the From the expression (17.2.1) for the c. f. of 
the normal distribution, we obtain 

n 

This is, however, the c. f. of a normal distribution with the parameters 
m and a, and so we have proved the followings important addition 
theorem for the normal distribution: 

The sum of any number of independent normally distributed variables 
is itself normally distributed: 

whe^'e m and a are given by (17.3.1). 
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We mention without proof the following converse (Cramer, Ref. 11) of this theo¬ 
rem : If the oiim € ■* *+* • * * + of n independent variablee is normally dietribnted, 
then each component variable it ittelf normally distributed. Thus it is not only 

true that the normal distribution reproduces itself by composition, but, moreover, a 
normal distribution can never be exactly produced by the composition of non-normol 
components. On the other hand, we shall see in the following parogrsph that, under 
very general conditions, the composition of a large number of non-normal components 
produces an approximately normal distribution. 


Since any linear function of a normal variable is, by the preceding^ 
paragraph, itself normal, it follows from (17.3.2) that a linear function 

Sf -h an + ft of independent normal variables is itself 

normal, with parameters m and a given by m = aim, +-h ft, 

and — a\ a\ ’¥ ■ ■¥ a\a\. In particular^ we have the important theorem 
that, if ?i, .. ., arc independent and all normal (m, a), the arithmetic 


mean 



is itself normal 



17.4. The Central Limit Theorem. — Consider a sum 
(17.4.1) § = 4-5, 


of n independent variables, where has the mean m^ and the s. d. o«. 
The mean m and the s. d. a of the sum ^ are then given by the usual 
expressions (17.3.1). 

In the preceding paragraph we have seen that, if the Iv are nor¬ 
mally distributed, the sum $ is itself normal. On the other hand, 
De Moivre’s theorem (cf 16.4) shows that, in the particular case when 
the Sv are variables having the simple distribution (16.1.3), the distri¬ 
bution of the sum is approximately normal for large values of n. In 
fact, De Moivre's theorem asserts that in this particular case the d. f. 


of the standardized variable 


a 


tends to the normal function <1> (x) 


as ti tends to inhnity. 

It is a highly remarkable fact that the result thus established by De 
Moivre's thewem for a special case holds true undei' much more general 
circumstances. 

It will be convenient to introduce the following terminology. 
Generally, if the distribution of a random variable X depends on a 
parameter w, and if two quantities Wq and (which may or may not 

^ 

depend on n) can be found such that the d. f. of the variable - —- 

"0 
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tends to 0(x) mm co, we shall say that X is asymptotiaUly normal 
(’Mo* ^0^8 ^ot imply that the mean and the s. d. of X tend 

to mo and Oo, nor even that these moments exist, but is simply equi- 
Talent to sayings that we haye for any interyal (a, 5) not depending^ 
on n 

lim P(mo 4-a<TA<X<mo + boo) == 0(b) — 0(a). 

n-* oo 


Thus e. g. the variable v considered in De Moivre’s theorem is asympto¬ 
tically normal (wjp, Vnpq). 

The so called Central Limit Theorem in the mathematical theory 
of probability may now be expressed in the following way: Whatever 
be the distributions of the independent variables — subject to certain 
very general conditions — the sum ? = -H-H §n w asymptotically nor¬ 

mal (m, or), where m and a are given by (17.3.1). 

This fundamental theorem was first stated by Laplace (Ref. 22) in 
1812. A rigorous proof under fairly general conditions was given by 
Liapounoff (Ref. 146, 147) in 1901. The problem of finding the most 
general conditions of validity has been solved by Feller, Khintchine 
and Levy (Ref, 85, 86, 140, 145). We shall here only prove the theo¬ 
rem in two particular cases that will be sufficient for most statistical 
applications. 

Let us first consider the case of equal componentsy i. e. the case 
when all the in (17.4.1) have the same distribution. In this case 
we have m = wmi, u = <riKw, and the standardized variable may be 
written 


§ — 1 
a^Vn OiV n 


— »»i), 


where all the deviations have the same distribution. Denote by 

(0 the c. f. of any of these deviations, while F (.r) and q> (f) are the 

f — m 

d. f. and the c. f. of the standardized variable-It then follows 

a 

from (15.9.2) and (15.12.1) that we have 
(17 


The two first moments of the variable S* ^ 1 so 

that by (10.1.3) we have for the corresponding c. f. the expansion 

= l —ioU* + o(<*)- 
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Substitatinfif for <, we then obtain from (17.4.2) 

o, r » 





where for ereiy fixed t the quantity ^(nj) tends to zero as n -*‘Oo. 

It follows that * for every t, and hence we infer as in 16.4 

that the corresponding d. f. F(x) tends to 0(x) for every x. We 
thus have the following case of the Central Limit Theorem, first proved 
by Lindeberg and L4vy (Bef. 24, 148): 

y Si. are independent random variables all having the same 

probability distribution, and if m^ and denote the mean and the s. d. 

n 

of every then the sum S = 2 S* asymptotically normal (nm ^, V n). 

1 

1 ** 

It follows that the arithmetic mean 1 = - §* is asymptotically normal 

n 

1 

(m,. ajVn). 

In the case of equal components, it is thus sufficient for the vali* 
dity of the Central Limit Theorem to assume that the common dis- 
tribution of the has a finite moment of the second order. When 
we proceed to the general case of variables that are not supposed 
to be equally distributed it is, however, no longer sufficient to assume 
that each has a finite second order moment, and thqs we have to 
impose some further conditions. The object of such additional condi¬ 
tions is, generally speaking, to reduce the probability that an indivi¬ 
dual will yield a relatively large contribution to the total value of 
the sum An interesting sufficient condition of this type has been 
found by Lindeberg. We shall, however, here only give the following 
somewhat less general theorem due to Liapounoff; 

• • • be independent random variables, and denote bym^ and 
the mean and the s, d. of Suppose that the third absolute moment 
of about its mean 

p; = E(|l. - w, I’) 
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(17.4.3) 



0 


is satisfied, then the sum 1 = 2^* asymptotically normal (m, a), where 

1 

m and a are given by (17.3.1). 

In tbe particular case when all the are equally distributed, we 

have p* = w p*, a’ = w , and thus - == — > so that the condition is 

^ a,Vn 

satisfied. It should not be inferred, however, that the Lindeberg-L4vy 
theorem proved above is a particular case of the Liapounoff theorem, 
since the former does not assume the existence of the third moment. 

In order to prove the Liapounoff theorem, we denote by (0 the 
c. f. of the v:th deviation by g>(t) the c. f. of the stand* 

t_1 “ 

ardized sum — == ^ (15.9.2) and (15.12.1) it then 

follows that we have 

(17.4.4) 9“ (*) ^ n S'*’’(i) ■ 

As before, it is sufficient to prove that for every fixed t we have 

q) (t) --*• e when w -► oo, as the theorem then directly follows from 
the continuity theorem 10.4. — Usings the expansion (16.4.4) with 
X; == 3, we obtain 

(p. (f) = E = 1 - i a: r + * ^ p; t\ 


where, as in 16.4, we use ^ as a general notation for a quantity of 
modulus not exceeding unity. We further obtain 

log OP. (‘) = log(i -f = log (1 + 

where 


Owing to the condition (17.4.3) we have, however, for all sufficiently 
large values of n 
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a a 


und thus, observinfif that by (15.4.6) v?e have ^ for every r. 




The condition (17.4.3) now shows that for every fixed t we have 
as ;/ '►<». Thus certainly |r| < 4 for all sufiPiciently larjfe //. For 
|fl< 4 we have, however, 


and hence 




logf 



a* 

at 



Summing over r — 1,2, . . n, we now obtain by (17.4.4) 


log y (0 = 



As n tends to infinity, it now follows from the condition (17.4.3) that 
log tends to — - for every fixed and thus the Liapounoif theo¬ 
rem is proved. 


H 

In the elite (cf. 16.0) of the varinble ^ ir expreHset the number of 

1 

tuccettet in a teriet of n independent trials with the probabilities p,,. ■ ,p„, wc hove 

Pr^^(l€r-Pr I*) - Pr 7r (Pj + 7?) Pr 7r • 


n w 

1 1 

and thus 
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If the series is divergent^ the Lieponnoff condition (17.4.8) is sstisfled, and 

1 

tlins the variable v is asymptotically normal 

A sufficient condition for the divergence of £ is, e. g., that a number ci > 0 can 
be found such that c<p^< l—c for all r. — If, on the other hand, is con* 

vcrgent/it can be proved (Itef. 11) that the variable v is not asymptotically normal. 


17.5. Complementary remarks to the Central Limit Theorem. — 
The Central Limit Theorem has been modified and extended in various 
directions. In this paragfraph, we shall fipve a few brief remarks on 
some of these questions, while the following paragraphs will be de¬ 
voted to a particular problem belonging to the same order of ideas. 


1. The theorems of the preceding paragraph are exclusively con¬ 
cerned with the distribution functions of the variables. It is the d. f. of 

P — ffi 

the standardized sum - -that is shown to tend to the normal d. f. 

a 

<Z> {x). If the component variables all belong to the continuous type, 




tends to the nor- 


the question arises if the frequency function of 

V 

1 -- 

mal fr. f. <D' (ar) = « *. It can, in fact, be shown (Cram4r, Ref. 

V Aft 

11, 70) that this is true if certain general regularity conditions are im> 
posed on the components (cf 17.7.4). 


2. In problems of theoretical statistics it often occurs that we 
are concerned with a function p ($|, . . ., ^n) of n independent random 
variables, where n may be considered as a large number. If the func¬ 
tion g has continuous derivatives of the first and second orders in the 
neighbourhood of the point m = . . ., mn), where Wv denotes the 

mean of $« , we may write a Taylor expansion 


(17.5.1) 


n 

<7(5i. ■ • •. 111 ) = • • M m„) + — »»,.) + R, 

1 
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where Cu is the value of the point m, while the remainder li 

contains derivatives of the second order. The first term on the right 
hand side is a constant, while the second term is the sum of n in¬ 
dependent random variables, each having the mean zero. By the 
central limit theorem we can then say that, under general conditions, 
the sum of the two first terms is asymptotically normal, with a mean 
equal to the first term. In many important cases it is possible to 
show that, in the limit as n -> oo, the presence of the term B has no 
influence on the distribution, so that the function g is, for large 
values of n, approximately normally distributed (Cf von Mises, Ref. 
157, 158). We shall return to this question in Ch. 28. 


3. The central limit theorem may be extended to various cases 
when the variables in the sum are not independent* We shall here only 
indicate one of these extensibns (Cramer, Ref. 10, p. 145), which has a 
considerable importance for various applications, especially to biological 
problems. For further information, the reader may be referred to a 
book by Levy (Ref. 25), and to papers by Bernstein, Kapteyn and 
Wicksell (Ref. 63, 135, 230). It will be convenient to use here atermino< 
logy directly connected with some of the biological applications. If our 
random variable is the size of some specified organ that we are ob¬ 
serving, the actual size of this organ in a particular individual may 
often be regarded as the joint effect of a large number of mutually 
independent causes, acting in an ordered sequence during the time of 
growth of the individual. If these causes simply add their effects, 
which are assumed to be random variables, we infer by the central 
limit theorem that the sum is asymptotically normally distributed. 

In general it does not, however, seem plausible that the causes 
co-operate by simple addition. It seems more natural to suppose that 
each cause gives an impulse, the effect, of which depends both on the 
strength of the impulse and on the size of the organ already attained 
at the instant when the impulse is working. 

Suppose that we have n impulses fi, . . ., fn, acting in the order 
of their indices. These we consider as independent random variables. 
Denote by the size of the organ which is produced by the impulses 
^ 1 , . . ., We may then suppose e. g. that the increase caused by 
the impulse ^,,+1 is proportional to ^,.+1 and to some function g[x^ of 
the momentary size of the organ; 


(17.5.2) 
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It follows that we have 


Si + 5| +-H ?» = 


n-l 

2 Xv +1 


If each impulse only gives a slight contribution to the growth of the 
organ, we thus have approximately 





where r = Xn denotes the final size of the organ. By hypothesis 
$ 1 , . . $N are independent variables, and n may be considered as a 
large number. Under the general regularity conditions of the central 
limit theorem it thus follows that, in the limit, the function of the 
random variable x appearing in the second member is normally dis¬ 
tributed. 

Consider, e. g., the case g(t)=^t. The effect of each impulse is 
then directly proportional to the momentary size of the organ. In 
this case we thus find that log x is normally distributed. If, more 
generally, log (x — a) is normal (m, <t), it is easily seen that the 
variable x itself has the fr. f. 


(17.5.3) 


1 _ 

<T (x — a) V 2 TT 


(log (x — q) — 
2o» 


for X > a, while for x ^ a the fr. f. is zero. The corresponding fre¬ 
quency curve, which is unimodal and of positive skewness, is illu¬ 
strated in Fig. 17. This logarithmtco’ftof'mal distribution may be used 
as the basic function of expansions in series, analogous to those de¬ 
rived from the normal distribution, which are discussed in the follow¬ 
ing paragraphs. 

Similar arguments may be applied also in other cases, e. g. in certain branches 
of economic statistics. Consider the distribution of incomes or property values in n 
certain population. The position of an individual on the property scale might be re¬ 
garded as the effect of a large number of impulses, each of which causes a certain 
increase of his wealth. It might be argued that the effect of such an impulse would 
not unreasonably b^ expected to be proportional to the wealth already attained. If this 
argument is accepted, we should expect distributions of incomes or property values to be 
approximately logarithmico-normal. For low values of the income, the logarithmico- 
iiormal curve seems, in fact, to agree fairly well with actual income curves (Quenscl. 
Itef. 201, 202). For moderate and large incomes, however, the Pareto distribution 
discussed in 10.3 generally seems to give a better fit. 
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Fig. 17. The logarithmioo-Donnnl di.«tributiuD, frequency cnirve for a = 0, ni = 0.48, 

<j = 1. 


17.6. Orthogonal expansion derived from the normal distribution. — 
Consider a random variable 5 which is the sum 

(17.6.1) « = 


of n independent random variables. Under the conditions of the 
central limit theorem, the d. f. F(.r) of the standardized variable- 

(7 

is for large n approximately equal to (P(a?). Further, if all the com 
ponents fv have distributions of the continuous type, the fr. f. f(x) — 
F'(x) will (cf 17.5) under certain general regularity conditions be 
approximately equal to the normal fr. f.*) gf? (.r) •-(P'(x). ‘— Writing 


(17.6.2) 


F(x)- 

f(x) 


0 (x) 4- ]{ (x), 
■ (p(x) -f r(.r), 


this implies that R [x) and r (x) == R' (x) are small for large values of 
n, so that 0{x) and g)(x) may be regarded as first approximations to 
F(x) and f(x) respectively. It is then natural to ask if, by further 
analysis of the remainder terms R(x) and r(x), we can find more 
accurate approximations, e. g. in the form of some expansion of R (x) 
and r(x) in series. 


*) As a rale we use the letter tp to denote a characteristic function. In ths 
paragraphs 17,0 and 17.7, however, ^(x) will denote the normal frequency function 

1 

<f{x) — df*'(x) — while the letter will he used fore. f:s. 

V2n 
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The same problem may also be considered from a more general 
point of view. In the applications, we often encounter fr. f;s and 
d. f:s which are approximately normal, even in cases where there is 
no reason to assume that the corresponding random variable is gener¬ 
ated in the form (17.6.1), as a sum of independent variables. It is 
then natural to write these functions in the form (17.6^), and to try 
to find some convenient expansion for the remainder terms. 

We shall here discuss two different types of such expansions. In 
the present paragraph, we shall be concerned with the expansion in 
orthogonal polynomials known as the Gram-Charlier series of type A 
(Ref. 9, 65, 118), while the following paragraph will be devoted to the 
asymptotic expansion introduced by Edgeworth. In both cases we shall 
have to content ourselves with some formal developments and some brief 
indications of the main results obtained, as the complete proofs are 
rather complicated. 

Let us first consider any random variable ^ with a distribution of 
the continuous type, without assuming that there is a representation 
of the form (17.6.1). As usual we denote the mean and the s. d. of ^ 
by m and or, while fiv denotes the v:th order central moment (cf 15.4) 
of which is supposed to be finite for all v. We shall consider 

the standardized vaHahle - -, and denote its d. f. and fr. f. by F (x) 

o 

and f[x) = F^ (x). 

For any fr. f. /(x), we may consider an expansion of the form 

(17.6.3) /(*) = Co y (x) + ^ q)' (x) + — q>" (x) 4- .. ., 

where the c* are constant coefficients. According to (12.6.4), we have 
gp^’^^x) = (—l)’'ZL(x)gp(x), where JEL(x) is the Hermite polynomial of 
degree v, and thus (17.6.3) is in reality an expansion in orthogonal 
polynomials of the type (12.6.2). We shall now determine the coeffi¬ 
cients in the same way as in 12.6, assuming that the series may be 
integrated term by term. Multiplying with Hv(x) and integrating, we 
directly obtain from the oithogonality relations (12.6.6) 

00 

(17.6.4) c. = (- 1)'/£r.(x)/(*)«(x. 

— oo 

t_ 

Now /(x) is the fr. f. of the standardized variable --, which has 
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zero mean and unit s. d., while its i':th moment is Accordingly 

we find Co= 1, c, = c, = 0, so that the development (17.6.3), and the 
development obtained by formal integration, may be written 

F(x)=^a> (x) + 3 * (x) + (x) + ..., 

(17.6.5) 

Ax) = ?> (a:) + ^ y>=» (x) + ^ yi‘i (x) + ..., 


where the c, are given by (17.6.4). From the expressions (12.6.5) of 
the first Hermite polynomials, we obtain in particular, denoting by y, 
and Yi the coefficients of skewness and excess (cf 15.8) of the variable 


(17.6.6) 


^3 /n 


q — 


3 = 73 , 






+ 10 - . 




15+ 30. 


With any standardized variable 


5 — m 


having finite moments of all 


orders, we may thus formally associate the expansions (17.6.5), the 
coefficients of which are given by (17.6.4). But do these expansions 
really converge and represent fix) and I'" (a*)? 

It can in fact be shown (cf e. g. Cramer, Ref. 69, 70) that, whenever 
the integral 

OO 

(17.6.6a) j e* dF(x) 


is convergent, the first series (17.6.5) will converge for every ./ to the 
sum F(x), If, in addition, the fr. f. f{x) is of bounded variation in 
(—OO, oo), the second series (17.6.5) will converge to fix) in every 
continuity point of fix), — On the other hand, it can be shown by 
examples (cf Ex. 18, p. 258) that, if these conditions are not satisfied, 
the expansions may be divergent. Thus it is in reality only for a 
comparatively small class of distributions that we can assert the 
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validity of the expansions (17.6.5). In fact, the majority of the im¬ 
portant distributions treated in the two following chapters are not 
included in this class. 

However, in practical applications it is in most cases only of 
little value to know the convergence properties of our expansions. 
What we really wavt to know is whether a small number of terms — 
usually not more than two or three — suffice to give a good approximation 
to f (x) and F (x). If we know this to be the case, it does not con¬ 
cern us much whether the infinite series is convergent or divergent. 
And conversely, if we know that one of the series (17.6.5) is conver¬ 
gent, this knowledge is of little practical value if it will be necessary 
to calculate a large number of the coefficients c,. in order to have the 
sum of the series determined to a reasonable approximation. 

It is particularly when we are dealing with a variable ^ generated 
in the form (17.6.1) that the question thus indicated becomes impor¬ 
tant. As ]>ointed out above, we know that under certain general 
conditions /'’(.r) and f(x) are approximately equal to (D(x) and (p[x) 
when n is large. Will the approximation be improved if we include 
the term involving the third derivative in (17.6.5)? And will the 
consideration of further terms of the expansions yield a still better 
approximation? It will be seen that we are here in reality concerned 
with a (luestion relating to the asymptotic poperties of our expansions 
for large values of n. 

In order to simplify the algebraical calculations, we shall consider 
the case of equal components (cf 17.4), when all the components • • •» ?« 
in (17.6.1) have the same distribution, with the mean wq and the s. d. 
a,, so that we have m = w w,, a = Ojl n. In this case, we now propose 
to study the behaviour of the coefficients r, of the A-series for large 
values of w. 

Let lb it) denote the c. f. of the standardized sum ' while 

o 

»/^ f<) is the c. f. of the deviation f, — m^. According to (17.4.2) we 
♦ ln*n have 

For V ^ 1,2, . ., let Xr denote the semi-invariants of § — wi = 

V (f. — m,j, while are the semi-invariants of gj — wq, and put 
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a- a; 


(17.6.7) 

We then hare by (15.12.8) 

(17.6.8) x, = nx:., A, 


Af 

» 

-1 


Bj the definition of the c. f. t//(0 we have 

xlj{t) — j f(x) dx, 

—00 

and hence obtain according to (12.6.7) the expansion 


(17.6.9) 

or 




(17.6.10) V/(0 = e •^ + ^(-«7)*e ^ ^ + 


where Cv is given by (17.6.4). 

It should be observed that we cannot in general assert that the 
power series in the second member is convergent, but only that it 
holds as an asymptotic expansion for small values of t in the same 
sense as (10.1.3). 

If we compare (17.6.10) with the expansion 
(17.6.11) f(x) = ^ (.x) + I* (r) + (x) + ..., 


it will be seen that the terms of the two expansions correspond by 
means of the following relation obtained from (10.5.5): 


OO _ ^ 

(17.6.12) /e''><')(ic)da; = (-»<)•>”". (x = 0, 1, 2,...). 

— OO 


As remarked in an analogous case in 15.10, we may use power 
series of the type (17.6.9) in a purely formal way, without paying any 
attention to questions of convergence, as long as we are only concerned 
with the deduction of the algebraic relations between the various 
parameters, such as the Cv and the . Thus we may write, in accord¬ 
ance with 15.10 and using (17.6.7), 
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S-:(«r 
!/»,(<) = e> 






Now g, — has the mean zero and the s. d. a^. Thus xl = 0 and 
Ka = a*, so that = 0 and Ai == 1. Hence we may write the last 
relation 


(17.6.13) 


/* 

C'* xp (t) ■■ 


»S 




Tn order to obtain an explicit expression for Cy in terms of the , it 
now only remains to develop this expression in powers of and iden¬ 
tify the resulting series with (17.6.9). In this way we obtain 


(17.6.14) 




C4 = 

n 

11 

Ar 

a; 


_L 

«* ' 


and generally 




which shows that Cy is of the form 
(17.6.15) c, : 


ayin + Ortn* +-h 


where [v/3| denotes the greatest integer ^ W3, while the a, a are poly¬ 
nomials in the ky, which are independent of v. Thus 
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as n tends to infinity. The following table shows the order of magni¬ 
tude of for the first values of v. 

Subscript v 
3 

4 , 6 
5, 7, 9 
8 , 10 , 12 
11, 13, 15 

Thus the order of magnitude of the terms of the .A-series is not 
steadily decreasing as v increases. Suppose, e. g., that we want to 
calculate a partial sum of the series (17.6.11), taking account of all 
terms involving corrections to q>(x) of order or n~^ . It then 

follows from the table that we must consider the terms up to y == (> 
inclusive. In order to calculate the coefficients Cv of these terms 
according to (17.6.6) or (17.6.14), we shall require the moments fit or 
the semi-invariants Xl up to the sixth order. An inspection of (17.6.14) 
shows, however, that the contributions of order and really 
do not contain any semi-invariants of order higher than the fourth, 
so that in reality it ought not to be necessary to go beyond this 
order. If we want to proceed further and include terms containing 
the factors etc., it is easily seen that we shall encounter 

precisely similar inadequacies. 

Thus the Grain-Charlier A-series cannot be considered as a satis¬ 
factory solution of the expansion problem for F(x) and f(x). We 
want, in fact, a series which gives a straightforward expansion in 
powers of and is such that the calculation of the terms up to 

a certain order of magnitude does not require the knowledge of any 
moments or semi-invariants that are not really necessary. These con¬ 
ditions are satisfied by Edgeworth’s series, which will be treated in the 
following paragraph. 

17.7. Asymptotic expansion derived from the normal distribution. 
— In the preceding paragraph, the expansion of the function 

(17.7.1) 

in powers of t furnished expressions of the coefficients Cv in the A- 
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series. The same function (17.7.1) can however, also be expanded in 
a different way, viz. in powers of Writing 




4-n 

(*+«! 



[iM+^Avn) J’ 


we obtain after development 


1// 


/» oo , 

(0 = e'» +2- 


„Wa 


Hty' 


f* 



where bv,v+ 2 h is a polynomial in As,.. i which is independent 

of n. Tty the integral relation (17.6.12), this corresponds to the ez> 
pansiou in powers of 


( 17 ^. 2 ) /(*) = 9,(x) + 2 (- 


(x) 


the first terms of which are, writing all terms of a certain order with 
respect to n on the same line, 


f(x) = 9P (x) 

- ii ^ r w - Yr “ (fw - f ■ w 


-H. 

By (17.6.7) and (17.6.8) the coefficients may be expressed in terms of 
the semi-invariants x,, which in their turn may be replaced by the 
central moments fir by means of (15.10.5). In this way we obtain the 
series introduced by Edgeworth (Ref. 80): 
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f(x) = if (.r) 



-f 


where the terms on each line are of the same order of magnitude. 
In order to obtain a corresponding expansion for the d. f. we 

have only to replace q)(x) by (D(x). 

The asymptotic properties of these series have been investigated 
by Cramer (Ref. 11,70) who has shown that, under fairly general con¬ 
ditions, the series (17.7.2) really gives an asymptotic expansion of 
f(x) in powers of with a remainder term of the same order as 

the first term neglected. Analogous results hold '..rue for F(x). If 
we consider only the first term of the series, it follows in particular 
that we have in these cases 

(17.7.4) I F(x] - <P(x) I < ~ . |/(.x-) - y (x) I < . 

V n V n 

where A and B are constants.^) 

The terms of order iu Edgeworth’s series con tain.the moments 
1 * 5 ,. .., ^r+a, which are precisely the moments necessarily required for 
an approximation to this order. In practice it is usually not advisable 
to go beyond the third and fourth moments. The terms containing 
these moments will, however, often be found to give a good approxi¬ 
mation to the distribution. For the numerical calculations, tables of 
the derivatives (x) will be required. These are given in Table 1, 
p. 557. 

Introducing the coefficients yi and y, of skewness and excess (cf 
15.8), we may write the expression for f[x) up to terms of order w"* 

( 17 . 7 .. 0 ) f(x) = ./ (.T) - (x) + (x) + 9pC' (x). 

*) It has been shown by Esseen (Ref. 83) and Bergstrdm (Ref. 62) that the 
inequality for |F —4»| holds under the sole condition that Xj is finite. 
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Diagrams of the derivatives and tp^^\ with the numerical 

cootfioients appearing in (17.7.5), are shown in Fig. 18. The curves 
for tp^^^ and are symmetric about x ™ 0, while the third derivative 
introduces an asymmetric element into the expression. 

For large x, the expression (17.7.5) will sometimes yield small nega¬ 
tive values for f(x). This is, of course, quite consistent with the fact 
that (17.7.5) gives an approximate, but not an exact, expression for 
the frequency function. 

For the mode Xq of the fr. f., we obtain from (17.7.5) the approxi¬ 
mate expression — which is Charlier's measure of skewness. 
Wo further have 





The first member represents the relative excess of the fretfuency curve 
y =/(x) over the normal curve .v = c/>(x) at the point x — 0.*) For 

*) If, instead of comparing the ordinnteB in the mean * = 0, we compare the ordi- 
natet in the mf)de9 of the two curves, we obtain in the first npproxitiiatii>n 


/( x„) - ip(O) ^ 
5P(0) 
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this quantity, Charlier gave the expression J y,, which he introduced 
as his measure of excess. However, it follows from the above that 
the term in y] must be included in order to have an expression of 
the excess which is correct up to terms of the order (cf 15.8). 

17.8. The r61c of the normal distribution in statistics. — The 
normal distribution was first found in 1733 by De Moivre (Ref. 29), 
in connection with his discussion of the limiting form of the binomial 
distribution treated in 16.4. 

De Moivre’s discovery seems, however, to have passed unnoticed, 
and it was not until long afterwards that the normal distribution 
was rediscovered by Gauss (Ref. 16, 1809) and Laplace (Ref. 22, 1812). 
The latter did, in fact, touch the subject already in some papers 
about 1780, though he did not go deeper into it before his great 
work of 1812. Gauss and Laplace were both led to the normal 
function in connection with their work on the theory of errors of 
observation. Laplace gave, moreover, the first (incomplete) statement 
of the general theorem studied above under the name of the Central 
Limit Theorem, and made a great number of important applications 
of the normal distribution to various questions in the theory of proba¬ 
bility. 

Under the influence of the great works of Gauss and Laplace, it 
was for a long time more or less regarded as an axiom that statistical 
distributions of practically all kinds would approach the normal dis- 
trib’7tion as an ideal limiting form, if only we could dispose of a 
sufficiently large number of sufficiently accurate observations. The 
deviation of any random variable from its mean was regarded as an 
»error*, subject to the »law of errors* expressed by the normal 
distribution. 

Even if this view was definitely exaggerated and has had to be con¬ 
siderably modified, it is undeniable that, in a large number of im¬ 
portant applications, we meet distributions which are at least approxi¬ 
mately normal. Such is the case, e. g., with the distributions of errors 
of physical and astronomical measurements, a great number of demo- 
graphical and biological distributions, etc. 

The central limit theorem affords a theoretical explanation of these 
empirical facts. According to the »bypothesi8 of elementary errors 
introduced by Hagen and Bessel, the total error committed at a physi¬ 
cal or astronomical measurement is regarded as the sum of a large 
number of mutually independent elementary errors. By the central 
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limit theorem, the total error should then be approximately normally 
distributed. — In a similar way, it often.seems reasonable to rejjard 
a random variable observed e. g. in some biological investigation as 
being the total effect of a large number of independent causes, which 
sum up their effects. The same point of view may be applied to the 
variables occurring in many technical and economical questions. Thus 
the total consumption of electric energy df*livered by a certain pro 
ducer is the sum of the quantities consumed by the various customers, 
the total gain or loss on the risk business of an insurance company 
is the sum of the gains or losses on each single policy, etc. 

fn cases of this character, we should expect to find at least 
approximately normal distributions. If the nuniber of components is 
not sufficiently large, or if the various components cannot be regarded 
as strictly additive and independent, the modifications of the central 
limit theorem indicated in 17.i)—17.7 may still show that the distri 
bution is approximately normal, or they may indicate the use of some 
<li8tributi<ui closely related to the normal, such as the asymptotic 
expansion (17.7.3) or the logarithmico normal distribution (17..5.3). 

Under the conditions of the central limit theorem, the arithmetic 
mean of a large number of independent variables is approximately 
normally distribute<l. The remarks made in connection with (17.5.1) 
imply that this property holds true even for certain functions of a 
more general character than the mean. These properties are of a 
fundamental importance for many methods used in statistical practice, 
where we arc largely concerned with means and other similar funC' 
tions of the observed values of random variables (cf Ch. 28). 

There is a famous remark by Lippinan (quoted by Poincar^, Ref. 
31) to the effect that ^everybody believes in the law of errors, the 
experimenters because they think it is a mathematical theorem, the 
mathematicians because they think it is an experimental fact*. — It 
sec ms appropriate to comment that both parties are perfectly right, 
provided that their belief is not too absolute: mathematical proof 
fells U8 that, under certain qualiftfing conditions, we are justified in 
expecting a normal distribution, while statistical experience shows 
that, in fact, distributions are often approximately normal. 
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CHAPTER 18. 

Various Distributions Related to the Normal. 

In this chapter, we shall consider the distributions of some simple functions of 
normally distributed variables. All ihe.se distributions have important statistical 
applications, and will reappear in various connections in Part III. 

18.1. The y} distribution. — Let ? be a random yariable which is 
normal (0, 1). The fr. f. of the square 5* is, by (15.1.4), equal to 

1 

--p==r.e 2 

V^TtX 

for a: > 0. For x ^ 0, the fr. f. is zero. The c.f. corresponding to 
this fr. f. is obtained by putting « = § in (12.3.4), and is 

00 

J \ 2 71 X 


Let now be n independent random variables, each of 

which is normal (0, 1), and consider the variable 

( 18 . 1 . 1 ) z' = i;s. 

1 

Each has the c.f. (1 — and thus by the multiplication theo¬ 

rem (15.12.1) the sum y* has the c.f. 

T» 

(18.1.2) = 

This is, however, the c.f. obtained by putting a = J, ^ — i n in (12.3.4), 
and the corresponding distribution is thus defined by the fr. f. 

ti i w) as given by (12.3.3). We shall introduce a particular nota¬ 
tion for this fr. f., writing for any w — 1, 2,. . . 


(18.1.3) 


1 



0 


X 

e 


for X > 0, 
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Thus is the fr.f. of the Tariable so that we ha?e 
K(x)dx P(x < < X dx). 

The corresponding d. f. is zero for a; ^ 0, while for a; > 0 it is 


(18.1.4) 


A'n(a:) 



I 

r* dt 


The distribution defined by the fr. f. hn [x) or the d. f. Kn (a:) is known 
as the x^'^i^tnbution, a name referring to an important statistical app¬ 
lication of the distribution. This will be treated in Ch. 30. The 
digi^jhiitinn contain s jg, parameter , whjch Js^often den oted as .^e 

number of degre^ of Jn Jihe dwtribut^ The meaning of this 

term willl)e explained in Ch. 29. The ^’-distribution was first found 
by Helmert (Ref. 125) and E. Pearson (Ref. 183). 

For w ^ 2, the fr.f. Arn(ic) is steadily decreasing for a: > 0, while 
for n > 2 there is a unique maximum at the point a: == n —• 2. Dia¬ 
grams of the function A;n(a;) are shown for some values of n in Fig. 19. 

The moments a,, and the semi-invariants x,. of the ;|r’-distribution 
are finite for all v, and their general expressions may be obtained 
e. g. from the c. f. (18.1.2), using the formulae in 10.1 and 15.10: 


(18.1.5) 


a, = w (n + 2) • • (n + 2 v — 2), 
X* = 2*‘~^(v 1)! w. 


Hence in particular 
(18.1.6) E(;|r*) = a, = w, 




Let x^i xl be two independent variables distributed according 
to (18.1.4) with the values nj and n, of the parameter. The expres¬ 
sion (18.1.2) of the c. f. of the ;i(’-di8tribution then shows that the 
c.f. of the sum x\ + x\ i® 

n, n« n,4-». 

Thus the x* distribution, like the binqnoial, Jhc j^pisspn and the npr- 
mg j, reprod ucesTtself bj^injposition, and we htLveJhe c^ditwnjhm^ 

An, {x) Mr An,(^) = An,-fn, (:};). 

234 


(18.1.7) 




18.1 



This may, in fact, be reg’arded as an evident consequence of the de¬ 
finition (18.1.1) of the variable since the sum x\ x\ is the sum 
of Wj -f n, independent squares. 

Extensive tables of the x* distribution are available (Ref. 262, 264. 
265). In many applications, it is important to find the probability P that 
the variable x* assumes a value exceeding^ a given quantity x*- This prob 
ability is equal to the area of the tail of the frequency curve situated 
to the right of an ordinate through the point x ~ xi. Thus 

00 

P=P(x‘>Xo} = f in (x)dx =\-K„ (zs). 

Usually it is most convenient to tabulate Xo as a function of the 
probability P. When P is expressed in percent, say P==/5/100. the 
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oorresponding xl ^ Xp called the p percent value of x’ ^cr n definrees 
of freedom. Some numerical ralues of this function are driven in 
Table 3, p. 559. 

We shall now give some simple transformations of the x’-distribu* 
tion that are often required in the applications. 

If each of the independent variables , .y Xn is normal (0, o), 

where a > 0 is an arbitrary constant, the variables are 

independent and normal (0, 1). Thus according to the above the fr. f. 

of the variable equal to kn(x). Then by (15.1.2) the fr.f. of 

n 

the variable 2 

I I -JL 


( 18.181 


By similar easy transformations, we hud the fr. f:8 of the arithmetic 


1 “ 1 

mean ~ 2 non-negative square root 1/ 2 

1 _ 1 

I y 1 ” 

square root of the arithmetic mean y The results are shown 


and the 


in the following table. Xj, . . ., Xn are throughout supposed to be in¬ 
dependent and normal (0, a). For a: < 0, the fr. f:s are all equal to 


Variable, 


Frequency function (x > 0). 

I* 

a**"\aV = /»\ 
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u 



If the horizontal and vertical deviations u and v of a shot from the centre of 
the target are independent and normal (0» a), the distance r ~ V u* + v* from the 
centre will have the fr. f. 



If the components tt, v and w of the velocity of a molecule with respect to 
a system of rectangular axes are independent and normal (0, (j\ the velocity 
r u* -f i’* -h will have the fr. f. 



18.2. Stuclent*8 distribution. — Suppose that the n \ random vari¬ 
ables ^ and $|i . . M are independent and normal (0, a). Let us write 

1 /i”’’ 

Ti — y ^2^*’ square root is taken positively, and consider 


the variable 
(18.2.1) 


j: 

< = ^==- 

V 


V I, is 


Let denote the d.f. of the variable t, so that we have 


Su (x) = P (t ^ x) == P ^ X 

\rj 

By hypothesis § and t] are independent variables, and thus accordinjr 
to (15.11.3) their joint fr. f. is the product of the fr. f;s of ? and rj. 
Now g is normal (0, <j), and t] has the fr. f. given in the last line of 
the table in the preceding paragraph, so that the joint fr. f. is*) 


*) As a rule we have hitherto used correspondiug letters from different alphabets 
to denote a random variable and the variable in its d. f. or fr. (., and have thus 
employed expressions such as: »Tbe random variable ^ has the fr. f.When 
dealing with many variables simultaneously it is, however, sometimes practical to 
depart from this rule and use the same letter in both places. We shall thus ov 
casionally use expressions such as: »The random variable ^ has the fr. f. />^)>' or 
»The random variables ^ and 17 have the joint fr. f. /(^, 
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where ij > 0 and 


ft 



The probability of the relation ^ ^ x is the integral of the joint 
fr. f. over the domain defined by the inequalities 17 > 0 , ^<xt}: 


Sn (a?) = Ca 




^>0 

i<xii 


dSdfj. 


Introducing new variables ti, v by the substitution 

(18.2.2) ?==ut;, iy = f, 

the Jacobian of which is I == v, we obtain 

d (m, v) 


(18.2.3) 



The corresponding fr.f. «n(x) = iS|»(ar) exists for all values of x and 
is given by the expression 
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18.2 


The distribution defined by the fr. f. 5n(ic) or the d.f. is 

known under the name of Student's distribution or the t distribution. 
It was first used in an important statistical problem by W. S. 
Gosset, writing under the pen-name of »Student» (Ref. 221), As in 
the case of the ^^'-distribution, the parameter n is often denoted as 
the number of degrees of freedom in the distribution (cf. 29.2). 

From the expression of the fr.f. .v„(x), it is seen that the distribution 
is independent of the s. d. a of the basic variables ? and This 
was, of course, to be expected since the variable t is a homogeneous 
function of degree zero in the basic variables. — It is further seen 
that the distribution is unimodal and sy.mmetric about x ~ 0. The 
rith moment of the distribution is finite for v < n. In particular, the 
mean is finite for n> 1, and the s. d. for n>2. Owing to the sym¬ 
metry of the distribution, all existing moments of odd order are zero, 
while a simple calculation gives 

00 

D*(t) = J x^Sn(x)dx 
— 00 

and generally for 2v < ii 

1 . 3 . ... ( 2 y— l)n- 
_ 2) _ 4 ) :. :\ri~-2v) ■ 

The probability that the variable t differs from its mean zero in 
either direction by more than a given quantity t^ is, as in the case 
of the normal distribution equal to the joint area of the two tails 
of the frequency curve cut off by ordinates through the points ± 

On account of the symmetry of the ^di 8 tribution, this is 

00 

(18.2.6) p=. P(\t\> t„) = 2 j #,.(x) dx = 2(1- .S’„(/„)). 

From this relation, the deviation t^ may be tabulated as a function 
of the probability P. When P = |}/100, the corresponding t^^=^tp is 
called the p percent value of t for n degrees of freedom. Some 
numerical values of this function are given in Table 4, p. 560. 

For large values of w, the variable t is asymptotically normal ( 0 , 1 ), 
in accordance with the relations 

1 

lim S'nlx’) = tD(x), lim ^n(iK) — O (x)^ e 2 , 

ii—oo n-^QP y 2 7t 
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which will be proved in 20.2. For small n the ^di8tribuiion differs, 
however, considerably from the limiting normal distribution, as seen 
from Table 4, where the fignres for the limiting case are found under 
n» 00 . A diagram of Student’s distribution for n»3, compared 
with the normal curve, is given in Fig. 20. It is evident from the 
diagram that the probability of a large deviation from the mean is 
considerably greater in the /-distribution than in the normal. 

If, iDttead of the TsrUble / as defined by (18.2.1), we consider the Tarioble 



the numerator and the denominator are no longer independent, and the distribution 
cannot be obtained in the same way as before. It is obrions that we always haTe 
t* f», so that the it. f. of r is certainly equal to zero outside the interral 
(- Vn, Vn). 

Writing 



it is seen that t' is given by an expression of the form (18.2.1), with fi replaced by 
n — 1. Thus V is distributed in Student’s distribution with the d. f. <S,|.i(x). When 

T increases from — l^fi to 4 Vn, it is further seen that f increases steadily from 
*-* ao to + 00. It follows that the relation r < x is equivalent to the relation 
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and we have 

P(T<x)=p/t’< 



We have thus found the d. f. of the variable r. Differentiating with respect to .r, 
we obtain for the fr. f. of t the expression 






n—8 



where |x| ^ For n = 2, the frequency curve is »U-8baped», i. e. it has a mini¬ 
mum at the mean x = 0. For n <» 8, the fr. f. is constant, and we have a 
rectangular dietribulion (cf 19.1). For n > 8, the distribution is unimodal and sym¬ 
metric about sc = 0. The mean of the distribution is 0, and the s. d. is 1 for all 
values of n. 


18.3. Fisher *8 z- distribution. - 
variables fm, Vty • • t are 

m 

and consider the variable 


(18.3.1) x=:^ 

V 


- Suppose that the m -h n random 
independent and normal (0, a). Put 

V = 2 *?’- 
1 


Let Fmn[x) denote the d.f. of the variable x. Since I and 17 are both 
non-negative, we have x ^ 0 , and Fmn[x) is equal to zero for ar < 0 . 
For a; > 0, we may use the same method as in the preceding para¬ 
graph to find Fian(x). Since by hypothesis 5 and 17 are independent, 
•^mn(a?) is equal to the integral of the product of the fr. f:s of $ and 
17 over the domain defined by the inequalities i 7 > 0 , 0 <S<a:i 7 . The 
fr. f :8 of 5 and 17 may be taken from the table in 18.1, and so we obtain 


where 


Fnn{x) = amn j j ^ V‘‘ 

1J>0 

0<€<xi} 
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Amr «+n 

2 » ff»+ 


-(f) 


Introducing new variables u,v by the substitution (18.2.2), we find 

X 00 

/ *_ 1 r ***■*■** u-f 1 
u* duj V ^ 

0 0 


Hence we obtain by differentiation the fr. f./R,n(a;) = of the 

variable x; 


(18.3.2) /„„(a:): 


/m + w\ „ 

\ 2 i a;» 

-( 1 )^( 1 ) (- 


-.(*> 0 ). 

X + 1 ) ^ 


Like the ^distribution, this is independent of a. In the particular 
case m = 1, the variable n x has an expression of the same form as 
the square of the variable t defined by (18.2.1). 

In the analysis of variance introduced by R. A. Fisher (cf Ch. 36), 
we are concerned with a variable z defined by the relation 


1 


(18.3.3) 


^ 

m 1 JL 

;S->: 

1 


The mean and the variance of the variable e^* are easily found from 
the distribution of x: 


(18.3,4) 


£!{«>*) = ^£(x) = -^, (n>2), 

m n — a 





18.3-4 


For m > 2, the diatribution of e** has a unique mode at the point 

^ ~~ ^ _ 

^ m w + 2 

In order to find the distribution of the variable z itself, we ob¬ 
serve that when x increases from 0 to oo, (18,3.3) shows that z in¬ 
creases steadily from — oo to + oo. Thus the relation z < x is 

equivalent to x < ^ e® and the d. f. of z is 

P (^ < x) = P (x < ^ e»-) = c’*) ■ 

Differentiating with respect to x, we obtain for the fr. f. of z the 
expression given by R. A. Fisher (Ref. 13, 94) 

(m + n\ 

18.4. The Beta-distribution. — Using the same notations as in 
the preceding paragraph, we consider the variable^) 


(18.4.1) 


A = 


1 + X 


_ 1 __ 

m n 

2 ^ 2 


and 


We obviously have 0 ^ I ^ 1 , so that the fr. f. of X is zero outside 
the interval (0, 1). As x increases from 0 to oo, ^ increases steadily from 

X 

0 to 1 . The relation A < x is thus equivalent with x < - — 
the d. f. of A is 

P(i<.)-p(.<yf-)-F..(j^-)- 

Hence we obtain the fr. f. of A- 

»»■«) irh) “ 


') In th« particular case m » the variable (n 4 - 1)A baa an expression of the 
same form as the aqnare of the variable t defined by (18.2.6). 
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This is the particular case p = 3 = | of the fr. f. /?(x; p, q) given 

bj (12.4.5). In the general case, the distribution defined by the fr. f. 

(18.4.3) = {0<*< 1, j»>0,3>0), 

will be called the Beta-distribution. The v:th moment of this distribu¬ 
tion is 

(18.4.4) Ja:V(x: p, q) dx = ' 


P 

Hence in particular the mean is —~—, while the variance is 


0 

PQ 


(p + q?(p + q + 1) 


For p > 1, </ > 1, there is a unique mode at the point x 


P- 1 
pH-9 — 2 


CHAPTER 19. 

Further CoPfriwuous Distributions. 

I9.I. The rectangular dlatrlbutlon. — A random variable $ will 
be said to have a rectangular distribution, if its fr. f. is constantly equal 

to in a certain finite interval (a — h, a + h), and zero outside this 

interval. The frequency curve then consists of a rectangle on the 

range (a — a + h) as base and of height We shall also say in 

this case that f is uniformly distributed over (a — a + h). The mean 

of this distribution is a, and the variance is -- 

The error introduced in » numerically calculated quantity by the grounding off* 
may often be considered as uniformly distributed over the range (— iX in units of 
the last figure. 

By a linear transformation of the variable, the range of the distri¬ 
bution may always be transferred to any given interval. Thus e. g. 
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the variable fj = ^is aniformly distributed over the interval 
(0, 1). The corresponding^ fr. f. is 



in ( 0 , 1 ), 
outside ( 0 , 1 ). 


If i 7 i, . . . are independent variables uniformly distributed over ( 0 , 1 ), 

it is evident that the sum - 4-1711 is confined to the interval 

(0, fi). If fn(^ denotes the fr. f. of -h i 7 n, it thus follows that 

fn(x) is zero outside (0, w). It further follows from (15.12.4). that we 
have 

00 X 

/,+i (as) = j /, (x — t)/n (<) = //. (t)dt. 

— 00 X—1 


From this relation, we obtain by easy calculations 

{ X for 0 < X < 1, 

X — 2(x — 1) for 1 < re < 2, 

105* for 0 < a; < 1, 

/a(^) = ’ i — 3(r — I)*) for 1 < 05 < 2, 

. J (x* ~ 3 (a? — D* -f 3 (x — 2)*) for 2 < x < 3. 

The g^eneral expression, which may be verified by induction, is 

/"w=~T)! - (;)(* -1)"-’ + ( 2 ) - 2r- - • •] 

where 0 < x < n, and the summation is continued as long as the 
arguments x, x — 1, x 2, ... are positive. 

/i is a discontinuous frequency function, /, is continuous but has 
a discontinuous derivative, has a continuous derivative but a dis¬ 
continuous second derivative, and so on. Diagrams of /,, /, and 
are shown in Fig. 21. The mean and the s. d. of the sum rji -f ■ • • + 17 ,* 

” -vi , so that the fr. f. of the standardized sum is 


are ^ and 


j/^/- (2 +*1/72)' 


As n increases, this rapidly approaches the normal frequency function 
1 

c i . 
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f, 



Fiff. 21. Rectangular and allied distributions. 


The expression of /i(a?) ^iven above may be written in the form 

/s W = 1 — 11 — ^-1, (0 < X < 2). 

This fr. f., and any fr. f. obtained from it by a linear transformation, 
is sometimes said to define a triangular distribution. 

19.2. Cauchy’s and Laplace’s distributions. — In the particular 
case w = 1, Student’s distribution (18.2.4) has the fr. f. 

1 

n[\ +x*)* 

the c. f. of which is, by (10.5.7), equal to By a linear trans¬ 

formation, we obtain the fr. f. 

(19.2.1) c(x; p) = -• [x-nY 
with the c. f. 

(19.2.2) 

where 1. > 0. The distribution defined by the fr. f. c(x\ X, fi), or by 
the corresponding^ d. f. C(x; fi), is called Cauchy s distribution. The 
distribution is unimodal and symmetric about the point x = ju, which 
is the mode and the median of the distribution. No moment of posi¬ 
tive order, not even the mean, is finite. The quartiles (cf 15.6) are 
M ± I, so that the semi-interquartile rang^e is equal to 1.. 

If a variable 5 is distributed according to (19.2.1), any linear 
function a ? + 6 has a distribution of the same type, with parameters 
A' = I a IA and ^' == n ju -f 6. 
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The form (19.2.2) of the c. f. immediately shows that this distribu* 
tion reproduces itself by composition, so that we have the addition 
theorem: 

(19.2.3) C{x\ * C!{x\ ^ 2 , ^t) == fii fi^y 

Hence we deduce the following interesting property of the Cauchy distri¬ 
bution: If independent, and all have the same Cauchy 

1 ’* 

distribution, the arithmetic mean { = - ^ has the same distrilmtion as 
every 

The two reciprocal Fourier integrals (10.5.6) and (10.5.7) connect 
the Cauchy distribution with the Laplace distribution, which has the 
fr. f. Je~***. The latter fr. f. has finite moments of every order, while 
its derivative is discontinuous at x = 0. By a linear transformation, 
we obtain the fr. f. 

(19.2.4) ^ 
with the c. f. 

iTY?' 


19.3. Truncated distributions. — Suppose that we are concerned 
with a random variable attached to the random experiment Let 
as usual P and F denote the pr. f. and the d. f. of From a se¬ 
quence of repetitions of (5, we select the sub-sequence where the 
observed value of ^ belongs to a fixed set Sq. The distribution of 
5 in the group of selected cases will then be the conditional distri¬ 
bution of §, relative to the hypothesis S < Sq. According to (14.3.1) or 
(14.3.2), the conditional probability of the event ^ S, where S is 
any subset of 5o, may be written 

P(?< 5|5 < S.) = 

The case when Sq is an interval a<^Sb often presents itself in the 
applications. This means that we discard all observations where the 
observed value is ^ a or > b. The remaining cases then yield a 
truncated distribution with the d. f. 

fo’ 

F(x)-F(a) 

F(b)-F[a) 

1 


F(x\a<^^b) = 
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for X ^ a, 
for a < X ^ 6, 
for x>b. 
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If a fr. f. f(x) F' (z) exists, the truncated distribution has a fr. f. 
equal to 

/(x I a < I ^ 6) = V—— 
fAt)dt 


for all X in (a, 6), and zero outside (a, b). Either a or 6 may, of 
course, be infinite. 


1. The truncated normal diitribution. Snppose that the stature of an indiyidual 
presenting himself for military inscription may be regarded as a random yariable 
which is normal (m, a). If only those cases are passed where the stature exceeds a 
fixed limit the statures of the selected individuals will yield a truncated normal 
distribution, with the d. f. 


Writing 



\x — m\ 


~ m\ 

[ c _ i 

i c 


l-i 


^^0 ~ 

1 <3 

- m' 

r ; 

1 


(.X > Xo). 



the two first moments of the truncated distribution are 


a, = m + or, = m* + A a(Xy 4- m) + a*. 


If a I and ce, are given, while m and o are unknown, two equations are thus 
available for the determination of the two unknown quantities. Tables for the 
numerical solution of these equations have been published by K. Pearson (Ref. 264). 

2. Pareto’s distribution. In certain kinds of economic statistics, w^e often meet 
truncated distributions. Thus e. g. in income statistics the data supplied are usually 
concerned with the distribution of the incomes of persons whose income exceeds a 
certain limit Xq fixed by taxation rules. This distribution, and certain analogous 
distributions of property values, sometimes agree approximately with the Pareto 
distribution defined by the relation 

PCI > x) = (X > i„. (. > 0). 

a 

The fr. f. of thi.s distribution is - - I -- I for x > Xq, and zero for x ^ Xq. The 

CL 

mean is finite for « > 1, and is then equal to -- Xq, The median of the distribu- 

« — 1 

1 

tiou is 2a Xy. — With respect to the Pareto distribution, w'e refer to some papers by 
Hagstroem (Ref. 121, 122). 


19.4. The Pearson system. — In the majority of the continuous 
distributions treated in Chs. 17—19, the frequency function y=f(x) 
satisfies a differential equation of the form 
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gg 4» g 

6 o -H fei a: 4* 6, as* 


19.4 


where a and the ^.*8 are constants. It will be easily verified that this 
is true e. g. of the normal distribution, the x* distribution, Student's 
distribution, the distribution of Fisher's ratio the Beta distribu* 
tion, and Pareto’s distribution. Any distribution obtained from one 
of these by a linear transformation of the random variable will, of 
course, satisfy an equation of the same form. 

The differential equation (19.4.1) forms the base of the system of 
frequency curves introduced by K. Pearson (Ref. 180,181,184 etc.). It can 
be shown that the constants of the equation (19.4.1) may be expressed in 
terms of the first four moments of the fr. f., if these are finite. The solu¬ 
tions are classified according to the nature of the roots of the equa¬ 
tion 4- a; + fc, gg* — 0, and in this way a great variety of possible 
types of frequency curves y =/(ag) are obtained. The knowledge of 
the first four moments of any fr. f. belonging to the system is suffi¬ 
cient to determine the function completely. A full account of the 
Pearson types has been given by Elderton (Ref. 12), to which the 
reader is referred. Here we shall only mention a few of the most 
important types. The multiplicative constant A appearing in all the 
equations below should in every case be so determined that the inte¬ 
gral with respect to x over the range indicated becomes equal to unity. 

Type I. y == A (x ~ o)P"* (6 ~ a < x < b\ p>0, q > 0. 

For g — 0, h — 1 we obtain the Beta distribution (18.4.3) as a par¬ 
ticular case. Taking p ~ q ~ \ a——h, and allowing b to tend to 

infinity, we have the normal distribution as a limiting form. Another 
limiting form is reached by taking q — ba\ when 6 -*> oo we obtain 
after changing the notations the following 

Type III. y ~ A(x — f,-a{x-n ). x > u\ a > 0, A > 0. 

This is a generalization of the fr. f./(x; a, A) defined by (12.3.3), and 
thus a fortiori a generalization of the ^'-distribution (18.1.3). 

Type VI. y = A(x--ay~'(x — bY~^] x>b\ a<b, q>0, p + q<\. 
This contains the distribution (18.3.2) as a particular case [a—~ 1. 
6 - 0 ). 

Type VII. -oo<a:<oo; ,„ > f 

This contains Student's distribution (18.2.4) as a particular case. 
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CHAPTER 20. 

Some Convergence Theorems. 

20.1. Convergence of distributions and variables. — If we are 
given a sequence of random variables • • • with the d. f:s 

Fi(x}, it is often important to know whether the sequence 

of d. f:s converges, in the sense of 6.7, to a limiting d. f. F(z}. Thus 
e. g. the central limit theorem asserts that certain sequences of d. f:8 
converge to the normal d. f. <D(a!:). — In the next paragraph, we shall 
give some further important examples of cases of convergence to the 
normal distribution. 

It is important to observe that any statement concerning the con¬ 
vergence of the sequence of d.f:s {Fn(a?)} should be well distinguished 
from a statement concerning the convergence of the sequence oj 
variables {?«}. We shall not have occasion to enter in this book upon 
a full discussion of the convergence properties of sequences of random 
variables. In this respect, the reader may be referred to the books 
by Frechet (Ref. 15) and Levy (Ref. 25). We shall here only use the 
conception of convergence in probability, which will be treated in the 
paragraphs 3—6 of the present chapter. 


20.2. Convergence of certain distributions to the normal. — 

1. The Poisson distribution. — By 16.5, a variable 5 distributed in 
Poisson's distribution has the mean I, the s. d. and the c. f. 

standardized variable thus has the c. f. 

Vi 

_ / - 1 \ _£!■ . 

^ -If _ g~V g, ' ■ 


J* 

As X tends to in6nity, this tends to e and by the continuity theo¬ 
rem 10.4 the corresponding d. f. then tends to 0(x). Thus ^ is 
asymptotically normal (I, l1). 


2 . The distribution. — For n degrees of freedom, the variable 

X* has by (18.1.6) and (18.1.2) the mean «, the s. d. V2n, and the 

—— y* n 

c. f ( 1 — 2 it) 2 . Thus the standardized variable —^= 3 - has the c. f. 

V2n 
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e 


-it 



and for every fixed t we may choose n so large that this may be 
written in the form 



where 1^ 1 • 

As w-> oo, this evidently tends to and thus the d. f. of 

— - tends to 0(x), so that y* is asymptotically normal (n, V^n). 

V2n 

Consider now the probability of the inequality V 2 x‘ < H- x, 
which may also be written 

X* < n -r (x ~ 

\ 2 ^ 271 ^ 

x} 

As «-►«), while x remains fixed, —tends to zero, so that the 

probability of the above inequality tends to the same limit as the 

probability of the inequality <n x\ 2 n, i. e. to <D[x). Thus the 
variable is asymptotically normal (K2w, 1). — According to 

R. A. Fisher (Ref. 13), the approximation will be improved if 

we replace here 2n by 2n — 1, and consider \2x* as normally 

distributed with the mean V^n — 1 and unit s. d. As soon as n ^ 30, 
this gives an approximation which is often sufficient for practical 

purposes. 



3. Student's dUstribution. — The fr. f. (18.2.4) of Student’s distri¬ 
bution may be written 


( 20 . 2 . 1 ) 





n^-l 


By Stirling’s formula (12.5.3), the first factor tends to unity as n oo, 
and for every fixed x we have 
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80 that 

( 20 . 2 . 2 ) 


Sn(x) 


1 

g j. 




n + 1 


Further, let r denote the greatest integer contained in ^ 
r and thus we have for all n ^ 1 and for all real x 


Them 


Thus the sequence {5ii(a:)} is uniformly dominated by a function of 
the form .4(1 + so that (5.5.2) gives 

X z 

(20.2.3) Sn (x) = J Sn (t)dt-* ^tL-- r e~»d,t=<J> (a-). 




4. The Beta distribution. — Let ^ be a variable distributed in the 
Beta distribution (18.4.3), with the values np and nq of the para* 

P 


meters. The mean and the variance of ^ are then, by 18.4, 

_ _ 


P-^ Q 


and 


, ,,, —r-* Let now n tend to infinity, while p and q re- 

(p + 9)’(«P + M9 + 1) 

main fixed. By calculations similar to those made above, it can then 
be proved that the fr. f. of the standardized variable tends to the 
1 

normal fr. f. "j= e a, and that the corresponding d. f. tends to the 
r 271 

normal d. f. 0(x). 


20.3. Convergence in probability. — Let Jg, . . . be a sequence 
of random variables, and let Fn(x) and q>n{t) denote the d. f. and the 
c. f. of We shall say (cf Cantelli, Ref. 04, Slutsky, Ref. 214, and 

Frechet, Ref. 112) that converges in probability to a constant c if, for 
any £ > 0, the probability of the relation ““ c| > £ tends to zero as 
M -► oo. 

Thus if denotes the frequency v/n of an event F in a series of n repetitions 
of a random experiment (d, Bernonlli’s theorem 16.3 asserts that v/n converges in 
probahility to p. 

A necessary and sufficient condition for the convergence in prob¬ 
ability of to c is obviously that the d. f. JPn(a;) tends, for every 
fixed X 7 ^ c, to the particular d. f. £( 0 :: —c) defined in 16.L 
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By the continuity theorem 10.4, an equivalent condition is that 
the c.£. g>n(t) tends for every 6zed t to the limit 


20.4. Tchebycheff*8 theorem. — We shall prove the following^ theo¬ 
rem, which is substantially due to TchebychefF. 

random variables, and let mn and On denote the 
mean and the s. d. of fn. // On 0 n oo, then 5n — win converges 
in probability to zero. 

In order to prove this theorem, it is sufficient to apply the 
Bienaym4-Tchebycheff inequality (15.7.2) to the variable 5n —■ win. We 

a\ 

then see that the probability of the relation | fn ~ win | > f is ^ ^ ’ 

and by hypothesis this tends to zero as n <x>. 

Let us now suppose that the variables . . . are independent, 

and write 


I 



1 1 


We then have the following corollary of the theorem: If 


(20.4.1) 


n 

2 


a: = oK), 


then 5 — rh converges in probability to zero. 


1 

The variable § has, in fact, the mean m and the s. d., * 



By hypothesis, the latter tends to zero as w -> qo , and thus the truth 
of the assertion follows from the above theorem. 

In the particular case when the are the variables considered in 
16.6, in connection with a series of independent trials, On is bounded 
and thus (20.4.1) is satisfied. The corollary then reduces to the Poisson 
generalization of Bernoulli’s theorem. 


20.5. Khintchine's theorem. — Even if the existence of finite 
standard deviations is not assumed for the variables considered in 
the preceding paragraph, it may still be possible to obtain a result 
corresponding to the corollary of Tchebycheff’s theorem. We shall 
only consider the case when ail the have the same probability 
distribution, and prove the following theorem due to Ehintchine 
(Ref. 139). 
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Let $ 1 ) < . • he independent random variables all having the same 

d.f. and suppose that F{x) has a finite mean m. Then the variable 

- 1 " 

§ = ' 515 * converges in probability to m. 
n 

1 

If g)[t) is the c. f. of the common distribution of the the c. f. 


of the variable § 


io (9>(^ 


According to (10.1.3), we have for < 0 


y (i) = 1 mit o(t), 
and thus for any fixed t, as n -> oo, 


0Vlit 


According to 20.3, this proves the theorem. 


20 .6. A convergence theorem. — The following theorem will be 
useful in various applications: 

Let § 1 , 5it . . . be a sequence of random variables^ with the d.f:s 
Fly . . .. Suppose that Fn(x) tends to a d.f. F(x) as n -> oo. 

Let rj ly f]fy .. . be another sequence of random variables, and suppose 
that fjn converges in probability to a constant c. Put 

( 20 .b.l) An = §n T" TJiiy Yn ~ 5 h ^ * 

Tjn 

Then the d.f. of A„ tends to F(x — c). Further, if c > 0, the d.f. of 
Yn tends to ^ while the d.f of Z„ tends to ^^[cx). (The modifica¬ 
tion required when c < 0 is evident.) 

It is important to observe that, in this theorem, there is no con¬ 
dition of independence for any of the variables involved. 

It is sufficient to prove one of the assertions of the theorem, as 
the other proofs are quite similar. Take, e. g., the case of Zn. Let 
a: be a continuity point of F(cx)y and denote by Pn the joint prob¬ 
ability function of and rjn. We then have to prove that 

-> F(cx) 

as w “-► <». Now the set S of all points in the i 7 w)-plane such that 
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t 

~ ^ a; is the sum of two sets and 5, without common points, 
Vn 

defined by the inequalities 


S,: 

VII 

1 l?n — C 1 ^ 

rjn 

s,-. 

VII 

jj^j 

1 — C 1 > «. 


rjfi 


Thus we have Pn(iS) = Pn(5',) + Pn(Si). Here S 2 is a subset of the 
set I “ c I > f, and thus by hypothesis Fn (5*) 0 for any £ > 0. 

Further, Pn{Si) is enclosed between the limits 

Pfi {^n^(C ± €)X, \r]n—‘C\^ f). 

Each of these limits differs from the corresponding quantity 

Pn(bn ^ (C ± £)ar) = Fn(iC ± f) x) 

by less than Pn (j rjn — c | > f). As « 00 , the latter quantity tends to zero, 

and we thus see that Pn(S) is enclosed between two limits, which can 
be made to lie as close to F(cx) as we please, by choosing s sufficiently 
small. Thus our theorem is proved. 

Hence we deduce the following proposition due to Slutsky ( Ref. 
214); If ^n, . . Qn CLve random variables converging in probabi¬ 
lity io the constants a?, y, . , r respectively, any rational function 
P(5n, - . ., pn) convcrgcs in probability to the constant P(x,y, . . ?’), 

provided that the latter is finite. It follows that any power 
P* (?n, T]n, . . Pn) With X; > 0 convevges in probability to R^[x, y, . . r). 


Exercises to Chapters 15-20. 

1. The variable § has the fr. f. f{x). Find the fr. f:8 of the variables “ c 
and X, coa Give conditions of existence for the moments of j/ and 

2. For any k > I, the function ~ — ■.—is a fr. f. with the range 

2 U + I 

(— 00 , oo). Show that the n:th moment exists when and only when n < /:. 

3. The inequality (15.4.6) for the absolute moments fin is a particular case of 
the following inequality doe to Liapoiinoff (Ref. 147). P'or any non>negative n, j), q 
(not necessarily integers), we have 

•or /'a+p S —^ log Bn + log 
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For n « 0, ^ « 1, this redooes to (15.4.«X since The general inequality ex¬ 

presses that a chord Joining two points of the curre y » log (x > OX lies entireh' 
shore the curve, so that \o% fix is a convex fnnetion of x. (For a detailed proof, see 
e. g. Uspensky, Ref. 89, p. 266.) 

4 . When g (ar) is never increasing for x > 0, we have tor any Ic > 0 

00 00 
^*fg(x)dx ^ i f x*g(x)dx. 
k 6 

First prove that the inequality is true in the particular case when g{x) is constant for 
0 < X < r, and equal to sero for x> c. Then deOne a function h{x) which is eon 
stantly equal to g(Jc) (or 0 < x < Hr + a, and equal to zero for x > k + a, where a is 

00 

determined by the condition ag{k)^ f g{x)dx, and show that 

k 

00 00 00 00 

k' f g(x) dx — k* f h (x) dx f x* h{x)dx^ x* gix) dx. 

k k 0 0 

Use this result to prove the inequalities (16.7.8) and (16.7.4). 

o* 

5. If Fix) is a d. f. with the mean 0 and the s. d. a, we have Fix) 

x^ 

for * < 0, and Fix) ^ -=-7 —for x > 0. For x < 0, this follows from the inequalities 
<j -f X 


00 00 

-J!==f( 3 /-x)dFifl.y- j:)dF, 

— 00 X 

00 00 00 

r* ^{f(y-x)JFyifdF-J(y-x)'‘dFi(l - F{x)Ha* + x*). 

X XX 


For X > 0, the proof is similar. Show' by an example that these inequalities cannot 
be improved. 


6. The Bienaym^-Tchebycheff inequality (15.7.2) may be improved, if some 
central moment w'ith n > 1 is known. We have, e. g., for ifc > 1 


F(\^ — m 1 /c <f) 


- 

fi^ + k^o*- 


2k*0* 


_yi±.2_. 

(/:• — 1)* + yi -i- 2 ‘ 


Apply CI 6 . 7 .I) with K 




m)* •“ k* a*) 
~2llc*a* 


7. Use (15.4.0) to show that the semi-invariant of an arbitrary distribution 

satisdes the inequality ^ (Cramer, Ref. 11, p. 27.) 

8. Prove the inequality |a 4- 5|« ^ 2«-t(|a|« 4- |6|»). Hence deduce that, if 
the n:th moments of x and y exist, so does the n:th moment of x + y. 
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Exercises 


9. Writing Gip,q)"" ^ I show that the first absolute moment 

r>np ' ' 

about the mean of the binomial distribution is 

B(| *-np\)- ipg (If - If) - aM 
where fi is the smallest integer > np. For Urge n, it follows that 

10. Show that if 1 — F’Car) ■■ 0(e~c*) as sr-^ + oo, and F{x) = as 

«— CO (e > 0), the distribution is uniquely determined by its moments. 

11. The factorial momenU (Steffenseni ftef. 217) of a discrete distribution are 

■■ where denotes the factorial x(x — 1). . . (x — v + 1). Similarly 

r 

the central factorial moments are ■* 2(x^-* Express and by 

r 

means of the ordinary moments. Show that (x4-y)^*'^=“x^*'^ ++ y^*\ 
and hence deduce relations between and 

12. The c. f. of the distribution in the preceding exercise is tp (f) — 

r 

Substituting here t for we obtain the generating function tpit) ~ Show 

r 

that = «[»)» •nd in particular E{x) -• i^'Cl), D*(x) ■= + ^^(1) ■— (f'(1))*. 

Use this result to deduce the expressions for the binomial distribution, 

and A*' for the Poisson distribution. 

13. a) We make a series of independent triaU, the probability of a » 80 ccess» 
being in each trial equal to j? » 1 — 9 , and we go on until we haye had an uninter¬ 
rupted set of V successes, where y > 0 is giren. Let denote the probability that 
exactly n trials will be required for this purpose. Find the generating function 


»-«)“ i Pn,r 

nasi 


p^ea-po 

1 - t + 


1 — ft*" 

and show that E (n) == (1) =- - . 

p*q 

h) On the other hand, let us make n trials, where n is given, and observe the 
length /jt of the longest uninterrupted set of successes occurring in the course of these 
n trials. Denoting by ^ the probability that /w < v, show that 


and thus 


^ . Pi »• Pn V » 


^(0= 2 Pn.f" 


i-i + 


17 —454 H. Cramir 
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H«uce it can be shown (Cramer, Ref. 68 ) that tends to sero as n — oe, 

Uniformly for 1 ^ v ^ n. It follows that for large n ws have 


JEW = + OU), »*W “ O (1). 

log - 


14. The variable ^ is normal (m,< 7 ). Show that the mean deviation is 

= 0.79788 0 . 

15. lu both cases of the Central Limit Theorem proved in 17.4, we have 


: -* 1 / - as n — — Use (7.6.9) and (9.6.1). (Cf Ex. 9 

<T I r ;t 


16. Let f 1 . ft, . . . be independent variables, sncb that has the possible values 

0 and ± v«, the respective probabilities being 1 — v“2“, and | y-Sa. Thus 

has the mean 0 and the s. d. 1. Show that the Liapounoff condition (17.4.8) is 

n 

satisfied for a < 1, but not for a ^ Thus for a < J the sum f = X !• asymp- 

1 

totically normal (0, V^n). For « > i, the probability that f ^ = • • • = ^^^ = 0 does not 
tend to zero as n—*<x>, so that in this case the distribution of | does not tend to 
normality. The last result holds also for « ~ cf Cramer, Ref. 11, p. 62. 

17. If a, and a, are the two first moments of the logarithmico-normal distribu¬ 
tion (17.6.3), and if tj is the real root of the equation ly* 4- 3 i; — y, == 0, where y, 
is the coefficient of skewness, the parameters a, m and a of the distribution are 
given by 

rt ^ a, — -o* = log (1 4 ?y*), 

V 

m = log («i - a) — io*. 

18. Consider the expansion (17.6.3) of a fr. f. /(x) in Gram-Charlier series, and 

1 - - - 1 

take /(x)= —e For x == 0, we have /(O) = — 7 :“, and the expansion be- 

ol^27r aV27t 

comes 


This is, however, only correct if o’ ^ 2. For o’ > 2, the series is divergent. Find u 
and such that af{x) 4- /^/(o’x) is the fr. f. of a standardized variable, and show 
by means of this example that the coefficient ^ in the convergence condition (17.6.6 a) 
cannot be replaced by any smaller number. 

19. Calculate the coefficients y, and y, for the varions distributions treated in 
Ch. 18. 
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30. If ths variable 17 is nDiformly diatribnted over (.a — A, a + h), the c. f. of 17 is 

If ^ is an arbitrary variable independent of * 7 , with the c. f. y(f), the 
A r 

sum {+7 has the c. f. eatt^ (/). Show that, by the aid of this result, the 

formula ( 10 . 8 . 8 ) may be directly deduced from ( 10 . 8 . 1 ). 

31. Let n be a random variable having a Poisson distribution with the probabilities 

XT 

—7 e-x, where y = 0, 1, . . .. If we consider here the parameter x as a random variable 
v! 

with the fr. f. -p-Tv 2 *^“' (x > 0 ), the probability that n takes any given value v is 



r{x) 


-3-1-1 (-ax^jr 



(-1)^ 

( 1 + ay 


Find the c. f., the mean and the s. d. of this distribution, which is known as the 
negatit^ binomial distribution. 


32. 
mean 0 

y = > fl 


x„ X|, . . . are independent variables having the same distribution with the 
and the s. d. 1 . Use the theorems 20.6 and 20.6 to show that the variables 
X, -I- * • • + X, -f ■ • • + x„ 

^ anil ;8 -are both asymptotically normal ( 0 , 1 ). 

+ - h x„ V apt 4. ^ ^.1 


23. If afu and are asymptotically normal (a, htVn) and (h, klVn) respectively, 
where 6 0 , then the variable « Vti (x„ — a)jy^ is asymptotically normal ( 0 , hlh\ 

— Note that there is no condition of independence in this cose. 
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Chapters 21— 24 . Variables and Distributions in 


CHAPTER 21. 

The Two-Dimensional Case. 

21.1. Two almple types of distributions. — Consider two one-di¬ 
mensional random rariablea S <uad rj. The joint probability distribution 
(cf 14.2) of f and 17 is a distribution in H,, or a two-dimensional dis¬ 
tribution. This case will be treated in the present chapter, before we 
proceed to the general case of yariables and distributions in n dimen¬ 
sions. 

According to 8.4, we are at liberty to define the joint distribution 
of § and fj by the probability function P(S)y which represents the 
probability of the relation (g, i^) < Sy or by the distribution function 
F{Xyy) given by the relation 

F[x,y) = P(% ^ x,rt ^ y). 

We shall often interpret the probability distribution by means of 
a distribution of a unit of mass over the (g, i^l-plane. By projecting 
the mass in the two-dimensional distribution on one of the coordinate 
axes, we obtain ^cf 8.4) the marginal distribution of the corresponding 
variable. Denoting by (a;) the d. f. of the marginal distribution of 
I, and by Fj(y) the corresponding function for tj. we have 

F,(a:) = P(?^x) = F(x,oo), 

Ftiy) = P(i? ^ y) = F(«>,y). 

As in the one-dimensional case (cf 15.2), it will be convenient to 
introduce here two simple types of distributions: the discrete and the 
continuous type. 

1 . The discrete type. A two-dimensional distribution will be said 
to belong to the discrete type, if the corresponding marginal distri¬ 
butions both belong to the discrete type as defined in 15.2. In each 
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marginal distribution, the total mass is then concentrated in certain 
discrete mass points, of which at most a finite number are contained 
in any finite interval. Denote by a:,, a;,, .. . and by y|,. .. the 
discrete mass points in the marginal distributions of ^ and rj respec¬ 
tively. The total mass in the two-dimensional distribution will then 
be concentrated in the points of intersection of the straight lines 
^ = Xi and fj = y*, i. e. in the points (Xi , y*), where i and k indepen¬ 
dently assume the values 1, 2, 3,... If the mass situated in the point 
(xi-, y*) is denoted by we have 

(21.1.1) ■?(? = = yi) = p,*, 

while for every set S not containing any point (xi, we have 
P(/S) = 0. Since the total mass in the distribution must be unity, we 
always have 

It 

For certain combinations of indices 2 , k we may, of course, have 
Pik = 0. The points (xi, yk) for which pik>0 are the discrete mass 
points of the distribution. 

Consider now the marginal distribution of the discrete mass 
points of which are x^^ a?,,. . . If p,, denotes the mass situated in the 
point Xi^ we obviously have 

(21.1.2) i».. ==-Pis ==*.) = 2 J"*' 

* 


Similarly, in the marginal distribution of rj, the point yk carries the 
mass p,k given by 

(21.1.3) p.t = -P(>? = yt) = 2i’'*- 


By (15.11.2), a necessary and sufficient condition for the indepen¬ 
dence of the variables ^ and rj is that we have for all t and k 

(21.1.4) Pik^Pi,pjt^ 


2, The continuous type, A two-dimensional distribution will be 
said to belong to the continuous type, if the d. f. F (x, y) is every¬ 
where continuous, and if the fr. f. (cf 8.4) 


/(^» y) = 


d*F 
dx dy 
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exists and is continuous everywhere, except possibly in certain points 
belongfingf to a finite number of curves. For any set S we then have 

P(S) = ff{x,y)dx dy, 
and thus in particular for S R* 

OO 00 

/ j f(x,y)dxdy 
— 00 —00 

The marginal distribution of the variable $ has the d. f. 

//(<,«) dtdu-^f /. (t)dl, 

— 00 — 00 — 00 

where 

(21.1-5) f,(x) = Jf{x,y)Uy. 

— OO 

If, at a certain point x — the function f(Xy y) is continuous 
with respect to x for almost all (cf 5.3) values of y and if, in some 
neighbourhood of Xq, we have f{x, y) < G (y), where G (y) is integrable 
over (— OO, oo), then it follows from (7.3.1) that fx(x) is continuous at 
x^Xq. In all cases that will occur in the applications, these condi¬ 
tions are satisfied for all Xq, except at most for a finite number of 
points. In such a case fi[x) has at most a finite number of discon¬ 
tinuities, so that the marginal distribution of ^ is of the continuous 
type and has the fr. f. /j (x). Similarly, we find that the marginal 
distribution of tj has the fr. f. 

(21.1.6) /i(y) = //(af,y)da;. 

— 00 

By (15.11.3), a necessary and sufficient condition for the indepen¬ 
dence of the variables | and rj is that we have for all x and y 

(21 -1-7) /(*, y) =/, (x)/, (y). 

21.3. Mean values, moments. — The mean value of a function 
y (5, fj) integrable over K, with respect to the two-dimensional pr. f. 
P(S) has been defined in (15.3,2) by the integral 

(21.2.1) E(y(5,,))=j'y{x,y)dP(S). 
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For a distribution belonging to one of the two simple types, this 
reduces to a sum or an ordinary Lebesgue integral, as indicated in 
15.3 for the one-dimensional case. The fundamental rules of calcula¬ 
tion for mean values have already been deduced in 15.3 for any num¬ 
ber of dimensions. 

The moments of the distribution (cf 9.2) are the mean values 


( 21 . 2 . 2 ) 


Oik ' 




where i and k are non-negative integers. The sum i 1c of the in¬ 
dices is the order of the moment an. 

The moments a,'o = E(50 and aok=^E{r}^) are identical with the 
moments of the one-dimensional marginal distributions of ^ and rj 
respectively, as shown by the integral relation (9.2.2). In particular, 
we put 

Oio = ^S(§) =m,, o„ = E(ij) = m,. 

The point with the coordinates 5 == V is centre of gravity 

of the mass of the two-dimensional distribution. For the moments 
about the centre of gravity we shall use a particular notation, writing 
in generalization of (15.4.3) 

(21.2.3) g.ik = E((g — 

Thus in particular we have ^,0 = ^^ 0 ^ — 0 and = a?, where 

and Oj are the standard deviations of ^ and rj. 

Between the moments Oik and the central moments fxn we have 
relations analogous to those given in 15.4 for the one-dimensional 
case. Thus for the second order moments we have 


^*0 — 


m^m^, fio, = a0j — . 


fimiH often called the second order product moment or mixed moment. 

^fther, while ^20 and are the variances of ^ and 17 , the product 
moment is also called the covariance of ^ and r}. 


Jo the particular case when the variables % and 17 are independent, we have by 
the multiplication theorem (15.3.4) and /u^f. = in particular 

we have in this case /Ujj = /Uq^ = 0 . 

For any real t and u we have 

(21.2.5) E[(^(g — mi) + w(i; — m*))*] =+ 2fiiitH -f-/i 0 ,M*. 
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The first member of this identitj is the mean value of a square, 
and is thus non-negative. It follows that the second member is a non¬ 
negative quadratic form (cf 11.10) in t and a, so that the mcment 

matrix M = 1 is non-negative, and we have 

I ^01J 

(21.2.6) ^fo^of ^ 0. 

The rank r of Af may (cf 11.6) have one of the values 0, 1 and 2. 
When r = 2, we have the sign > in (21.2.6), while the sign »holds 
for r = 1 and r == 0. We shall now show that certain simple proper¬ 
ties of the distribution are directly connected with the value of r. 

We have r = 0 when and only when the total mass of the distribution 
is situated in a single point. 

We have r = 1 when and only when the total mass of the distribu¬ 
tion is situated on a certain straight line, but not in a single point. 

We have r = 2 when and only when there is wo straight line that 
contains the total mass of the distribution. 

It is obviously sufficient to prove the cases r = 0 and r == 1, as 
the case r = 2 then follows as a corollary. — When r = 0, we have 
fho /^o> = marginal distribution of each variable has 

its total mass concentrated in one single point (cf 16.1). In the two- 
dimensional distribution, the whole mass must then be concentrated 
in the centre of gravity (w,, wi,). Conversely, if we know that the 
whole mass of the distribution belongs to one single point, it follows 
immediately that ~hence by (21.2.6) = 0, so that 

M is of rank zero. 

Further, when r= 1, the form (21.2.5) is semi-definite (cf 11.10), 
an thus takes the value zero for some f m both 

equal to zero. This is only possible if the whole mass of the distribu¬ 
tion is situated on the straight line 

(21.2.7) <o(| — m,) + — m,) = 0. 

Conversely, if it is known that the total mass of the distribution is 
situated on a straight line, but not in a single point, it is evident 
that the line must pass through the centre of gravity, and thus have 
an equation of the form (21.2.7). The mean value in the first mem¬ 
ber of (21.2.5) then reduces to zero for ^ w = Wo, so that the 
quadratic form in the second member is semi-definite, and it follows 
that M is of rank one. Thus our theorem is proved. 
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Let ns now suppose that we have a distribution such that both 
variances and are positive. (This means i. a. that M is of 
rank 1 or 2.) We may then define a quantity q by writing 


( 21 . 2 . 8 ) 




By (21.2.6) we then have p*^l, or —l^p^l. Further, the case 
p* = 1 occurs when and only when M is of rank 1, i. e. when the 
whole mass of the distribution is situated on a straight line. — In 
the particular case when the variables f and rj are independent, we 
have fill = 0 and thus p = 0. 

The quantity p is the correlation coefficient of the variables ^ and 
this will be further dealt with in 21.7. 

Suppose that we are given any quantities my, ntt, and any fito, Mn, fia 
to the restriction that the quadratic form ftfo t* + 2 fu + jUot u* is non-negative. 
We can then always iind a distribntion having tui, ntt for its first order moments 
and /utoi f^ut Afoi second order central moments. The required conditions are» 

1 + p 

e. g., satisfied by the discrete distribution obtained by placing the mass —^— in 

each of the two points (Wi + <Ji, w* + Of) and (nti — Oj, m* — a^), and the mass 

in each of the two points (nti + <7|, nit ~~ and.(mi — <Ji, nit + The quantities 
Cl, Of P sre here, of course, defined according to the above expressions. 


21.3. Characteristic functions. — The mean value 

(21.3.1) ^ (I, u) = dP 

«. 

is the characteristic function (c. f.) of the two-dimensional random 
variable (?, ly), or of the corresponding distribution. We shall also 
often call q> (f, u) the joint c, f. of the two one-dimensional variables ^ 
and T). 

According to the theory of c. frs given in Ch. 10, the one-to-one 
correspondence between one-dimensional distributions and their c. f:s 
(cf 15.9) extends itself to distributions in any number of dimensions. 
If two distributions are identical, so are their c. f:s, and conversely. 

If the second order moments of the joint distribution of $ and 17 
are finite, we have in the neighbourhood of the point t==u — {) the 
development analogous to (10.1.3) 
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(21.3.2) f(t, «)*» 1 + ^(a„< + *0,14) + |i(oj*<* 4 2 o„<m + o„m’) 4 

4 o(<* 4 = j^l 4 |i(^,o«4 2j«„<«4/ioiU*)4o(<’4«*)J- 

In the particularly important case when the mean yalues and tn, 
are both equal to zero, we thus have 

(21.3.3) y (f, tt) = 1 — J (fAfo 4- 2 flu <u + 1*01 «*) + 0 (f* + «■). 

The c. f:s of the mars^inal distributions of ^ and rj are 

(21.3.4) E(e'<€) = q> (i, 0). and E(e^^^) - g> (0, u). 

If the variables S and tj are independent, we have 

g)(t,u) = 

so that the joint c. f. q>(tyu) is the product of the c. f:s of the mar¬ 
ginal distributions corresponding to § and rj respectively. 

Conversely, suppose that it is known that the joint c. f. of ^ and 
fj is of the form (^) * (u). Introducing, if necessary, a multipli¬ 

cative constant into the factors, we may obviously assume ( 0 )» 
s=^^( 0 )=sl, and then it follows from (21.3.4) that^i(f) and 9 Pt(t<) 
are the c. f.s of g and rj respectively. If the two-dimensional interval 

defined by < | < 6 i, a| < 17 < 5g is a continuity interval (cf 8.3) of 

the joint distribution of $ and 17 , it further follows from the inversion 
formulae (10.3.1) and (10.6.2) that we have the multiplicative relation 

P(a, < 5 < 6,, a, < ij < 6.) = P(a, < | < 6,) • P(a, < ij < 6,). 

Allowing here Oi and a, to tend to — oo, we obtain in particular, 
using the same notations as in 21 . 1 , jP(x, y) = i^i(x)i^t(y) for all x 
and y that are continuity points of Fj and F, respectively. By the 
general continuity properties of d. fis, this relation is immediately 
extended to all x and y. From (14.4.5) it then follows that the 

variables § and ij are independent, and we have thus proved the 

following theorem: 

A necessary and sufficient condition for the independence of two one¬ 
dimensional random variables is that their joint c. f. is of the form 

(21.3.5) (<, 1 *) = y, (<) 9 >, (»»). 
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21.4. Conditional distributions. — The conditional distribution of 
a random variable rj, relative to the hypothesis that another variable 
^ belongrs to some g^iven set S, has been dehned in 14.3. In the 
present paragfraph, we shall consider this question somewhat more 
closely for distributions of the two simple types introduced in 21 . 1 . 

1 . The discrete type. Consider the discrete distribution defined by 
( 21 . 1 . 1 ), and let Xi be a value such that the marginal probability 
P(5 = ajrf) =» Spit = Pf. is positive. The conditional probability of the 

k 

event i 7 ==yjt, relative to the hypothesis ? = a:,, is then by (14.3.1) 


(21.4.1) 


Piv = y*l f 


P(^ = xt, = ^ pa- 

P (?=*,) pf.' 


For a fixed Xi, the conditional probabilities of the various possible 
values of yt define the conditional distribution of rj, relative to the 
hypothesis ^ = oci. The sum of all these conditional probabilities is, 
of course, equal to 1 . 

If the (5, i 7 )-di 8 tribution is interpreted in the usual way as a dis¬ 
tribution of a unit of mass over the points (a:,, y*), the conditional 
distribution is obtained by choosing a fixed Xi and multiplying each 
mass situated on the vertical through the point ^ = Xi by the factor 
1 /Pt., so as to make the sum of all the multiplied masses equal to 
unity. 

The conditional mean value of a function g (f, ?y), relative to the 
hypothesis J = Xt, is defined as the mean value of y(a:r, rj) with respect 
to the conditional distribution of rj defined by (21.4.1): 

Y.Pikg(xi,yk) 

(21.4.2) E(gi^,r])\^=^xs)^-^— -. 

Z Pik 
k 

For g (5, rj) = 17 , we obtain the conditional mean of 17 , which is the 
ordinate of the centre of gravity of the mass situated on the vertical 

Zpikyk 

(21.4.3) JE(i 7 |f = a:,) = n,. = V;—. 

Ip** 

* 

On the other hand, taking g rj) == (r^ — , we obtain the condi- 

tional variance of 17 . 
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The conditional distribution of relatire to the hypothesis y*, 
and the corresponding conditional mean yalnes, are defined by per¬ 
mutation of the variables in the expressions given above. 

In the particnlar case when $ and rj are independent, (21.1.4) shows 
that we have pik=^Pi.p.k, and this gives ns 

(21.4.4) = *<!*? = y») =-Pi. = Pis = 

P (»j=y» 11 = ®/)=j>. t == P (»j = y»), 

in accordance with the general relations (14.4.2) and (14.4.3). 

2 . The continu&U8 type. Let /(x, y) be the joint fr. f. of the vari¬ 
ables S and fj. Consider an interval (x,x -h h) such that the mass situated 
in the vertical strip x < § < x + h, which represents the probability 

af-fA 00 

P(x<^<x + h) — J jf(x,y)dxdy. 


is positive. The conditional probability of the event rj ^y^ relative to 
the hypothesis x < ? < x + A, is then by (14.3.1) 


P(T]^y\x<^<x-\‘h) 


P(x <g<x-fh, ly^y) 
P(x < f < X + A) 


V 

/ Jfix,»)dxdtf 


*+A 00 

/ jf[x,y)dxdy 

X —00 


This is the d. f. corresponding to the conditional distribution of 
relative to the hypothesis x < $ < x + h. It is simply equal to the 
quantity of mass situated in the strip x < ^ < x + ^ and below the 
line 17 = y, divided by the total mass in the strip. Let now h 
tend to zero. If the continuity conditions stated in connection with 
(21.1.5) are satisfied at the point x, and if the marginal fr. f./^(x) 
takes a positive value at the point x, it follows from (5.1.4) that the 
conditional d. f. tends to the limit 


(21.4.5) 


lim P(i 7 ^y|x<§<x + h) 


ff(x,fi)dti 


f/{x,t])dt] 


ff(x,i])di] 

/»(*) 


For fixed x, the limit is evidently a d. f. in y, and this will be called 
the conditional d,f, of 17, relative to the hypothesis $ = x. 
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If f(x, y) is continuous in y, the conditional d. f. may be differen¬ 
tiated with respect to y, and we obtain the corresponding eonditioval 
fr.f. of ij: 


(21.4.6) 


J/{x,i))dti 

— oo 


The conditional mean value of a function g(^,ri), relative to the 
hypothesis $ == x, is in this case 

oe 

« / 9{x,y)f(x,y)dy 

®[s'(5.»?)l? = a:] =/ g{.x,y)f{y\x)dy=~ -- • 

Multiplying by /i(x) and integrating with respect to we obtain 

(21.4.7) Eg{lt})=f fg{x,y)/(x,y)dxdy = fElg(lti)\^ = x]/i(x)dx. 

— OO —oo —oo 

The conditional mean and the conditional variance of tj are 


/ yf[x,y)dy 

(21.4.8) £(i?|f = x) = m.(*)=::^^^^-, 

f/{x,y)dy 

— OO 

00 

/{y - mt(^x))‘/{x,y)dy 

(21.4.9) D*(,|§ = x)=-^!-- 

f/(x,y)dy 

— oo 


The point with the coordinates $ = x, 17 = m, (x) is the limit, for 
h 0, of the centre of gravity of the mass in the strip x < 5 < 

The conditional distribution of S a given value of t;, and the 
corresponding conditional mean values, are defined in a similar way. 
Thus e. g. the conditional fr. f. of relative to the hypothesis 17 = y, is 

/(x.y) ^ /i(x)/(y|x) 

/i(y) /i(y) 


(21.4 10) /(xly)- 

//(I.y)d| 


269 



31.4-5 


while the conditional mean E(^\r] = y) = m^(y) is the mean of S cor¬ 
responding to the fr. f. /(x | y). 

If § and j; are independent, we have/(a:, y) ==/, (a:)/,(y). It follows 
that in this case the conditional fr. f. of either yariable is indepen¬ 
dent of the hypothesis made with respect to the other variable, and 
is identical with the fr. f. of the corresponding marginal distribution. 
Accordingly the conditional mean values for both variables agree with 
the mean values in the marginal distributions: 

(21.4.11) Wi(y) = wi,, m, (a:) = wi,. 

21.5. Regression, I. — Let ^ and rj be random variables with a 
joint distribution of the continuous type, and suppose that the cor¬ 
responding fr. f. f(x, y) satisfies the continuity conditions stated in 
connection with (21.1.5) for every x such that the marginal fr. f. (a:) 
is positive. 

According to the preceding paragraph, the conditional fr. f./(y | a:) 
given by (21.4.6) then represents the distribution of mass in an in¬ 
finitely narrow vertical strip through the point f = x. We may here 
think of I as an independent variable; to a fixed value then 

corresponds a probability distribution of the dependent variable i;, with 
tk« fr. f. f(y I x). 

Consider now some typical value of this conditional i^ distribution, 
such as the mean, the mode, the median etc. Generally this value 
will depend on x, and may thus be denoted by y^. As x varies, the 
point (x, yx) will describe a certain curve. From the shape of this 
curve we obtain information with respect to the location of the condi¬ 
tional distribution for various values of (Cf fig. 22 a.) 

A curve of this type will be called a regression curve, and will be 
said to represent the regression of rj on f. In the sequel we shall al¬ 
ways, unless explicitly stated otherwise, choose for yx the conditional 
mean m|(x) of the variable 17 , as given by (21.4.8), and so obtain the 
regression curve for the mean of 17 as the locus of the point (x, m, (x)) 
when X varies: 

(21.5.1) y = m,(x) = JS(*j|5 = x). 

If, instead of we consider 97 as our independent variable, the 
conditional fr. f. of the dependent variable ^ for a fixed value 17 == y 
is given by (21.4.10). Any typical value Xy of the conditional distri¬ 
bution of 5 gives rise to a regression curve representing the regression 
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Fjg. 22 a) Rogreasion of ij on h) Regression of { on rj. 

of § on fj. (Cf fig. 22 b.) Thus the regression curve for the mean of 
g is the locus of the point (m^ (y), y) when y varies, and has the equation 

(21.5.2) a: = Wi (y) = J5{51 1 ? =- y). 

The two regression curves (21.5.1) and (21.5.2) will in general not 
coincide. In many important cases occurring in the applications, both 
regression curres are straight or at least approximately straight lines. 
Thus e. g. in the particular case when $ and rj are independent, it 
follows from (21.4.11) that the regression curves are straight lines 
parallel to the axes and passing through the centre of gravity (mj, m,). 
— When a regression curve is a straight line, we shall say that we 
are concerned with a case of linear regression. 

The regression curves (21.5.1) and (21.5.2) possess an important 
minimum property. — Let us try to find, among all possible functions 
y($) of the single variable the particular function that gives the 
best possible representation or estimation of the other variable rj. Inter¬ 
preting the expression »best possible* in the sense of the least squares 
principle (cf 15.6), we then have to determine g(^) so as to render 
the expression (cf 21.4.7) 

E[t] — g (I)]* = / Jb/ —9 (*)]’/(*. y)dxdy 

(21.5.3) 

= //i {*) <^*/ ly — (®)]’/(y 1 dy 
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as small as possible. By 15.4 fche integral with respect to y in the 
last expression becomes, however, for every value of a; a minimum when 
g(x) is equal to the conditional mean Thus the minimum of 

E[t} g (5)]*, among all possible functions g (f), is attained for the func¬ 
tion g ($) = nti (^), which is graphically represented by the regression curve 
(21.5.1). — Similarly, the expression E[^ — h(f})Y attains its minimum 
for the function h (rj) = (fj), which corresponds to the regression 

curve (21.5.2). 

Similar definitions may be introduced in the case of a distribution of the discrete 
type, as given by (21.1.1). For every value of such that the marginal probability 
Pf is positive, the conditional distribution of ij is given by (21.4.1). I^t ns consider 
some typical value of this distribution, e. g. the conditional mean mW given by (21.4.8). 
When ^ assumes all possible values we thus obtain a sequence of points (x^, mlf)) 
representing the regression of tj on Conversely, the regression of { on q is re> 
presented by the sequence of points irn^f\y^\ where m(*) is the conditional meon of 
I, relative to the hypothesis rj » In either case, we may connect the points cor¬ 
responding to consecutive values of i or k by straight lines, and consider the curves 
thus formed as the regression curves of the discrete distribution. 

21.6. Regression, II. — In the literature, we often find the name 
of regression curves applied also to another type of curves than that 
introduced in the preceding paragraph. We shall now proceed to a 
discussion of this other type of curves. 

In the minimum problem considered in connection with (21.5.3), 
we tried to find, among all possible functions g (f), one that renders the 
mean value of the square (rj-- g (^)* as small as possible, and we have 
seen that the solution of this problem is given by the regression 
curve (21.5.1). Instead of considering all possible functions g(^) we 
may, however, restrict ourselves to functions belonging to some given 
class, such as the class of all linear functions, all polynomials of a 
given degree n, etc. Thus we require to find, among all functions 
g (I) belonging to such a class, one that gives a best possible represen* 
tation of rj according to the principle of least squares. In such a 
case, the minimum problem may still have a definite solution, but 
this will generally correspond to a curve different from the re¬ 
gression curve (21.5.1). Curves obtained in this way will be denoted 
as mean square regression curves, or briefly m, sq. regression curves}) 

The simplest case is that of the linear m. sq. regression. Here we 
propose to find the best linear estimate of rj by means of i.e. the 
linear function ^ ($) = or + £ that renders the mean value of the square 

*) When the meaning is clear from the context^ we shall often drop the »m. sq.». 
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(v — small as possible. Now we may write, using the nota¬ 
tions introduced in 21 . 2 , and assuming > 0 , 

(21 61) ® "" == ~ m, -- -- mi) -f m, ~ c /Jm,)* 

= - 2^1,-f ^ + (m, - a — w,)*. 

An easy calculation shows that the minimum problem has a unique 
solution given by 

(21.6.2) = = a = m,-A,m.. 

MtO 

where q is the correlation coefficient defined by (21.2.8). Thus the 
m. sq, regression line of tj has the equation 

(21.6.3) y = m, -f — (a: — m,). 

The line passes through (mj, m^), and the equation may also be written 


(21.6.4) 


<^i 



We note that this line is defined for any distribution such that both 
variances are finite and positive, and not as the regression curves of 
the preceding paragraph for distributions of the two simple types only. 

The quantity defined by (21.6.2) is the regression coefficient of 
17 on When the values of o and p given by (21.6.2) are introduced 
in ( 21 . 6 . 1 ), the latter expression assumes its minimum value 

(21.6.5) (>? - a - m* = ^ = g; (1 - p»). 

Mto 

The expression E (17 — a — /? 5 )* = J (y a — pxY dP may be con- 

K. 

sidered as a weighted mean of the square of the vertical distance 
y —a —between a mass particle dP with the coordinates (a?,y) 
and the straight line y = or + /9 a:. Since this mean becomes a mini¬ 
mum for the regression line (21.6.4), this line may be called the line 
of closest fit to the mass in the distribution^ when distances are measured 
along the axis of y, and the fit is judged according to the principle 
of least squares. 

In the case of a distribution such that the regression curve 
as defined by (21.5.1) exists, the expression £(17 — a —/9$)’ 
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may be written in the form 

E(fj - m,(D)> + 2 JE:[(i 7 - m,®)(m,(f) - a - /??)] + E(m,(g) - a - /f 0*. 

Bj (21.4.7) and (21.4.8) the second term of this expression is, howerer, 
equal to sero. Thus we obtain for any a and 

(21.6.6) E(i? - a - /??)• = E(ij - m,(§))» + E(m, (g) - a - g)*. 


Here, the first term in the second member is independent of a and /?, 
so that the last term attains its minimum for the same yalues of a 
and p as the first member, i. e. for the values given by (21.6.2). Since 
m^{x) — a — fix is the vertical distance between the regression curve 
y = m,(x) and the line y = a + /?x, it is thus seen that the m.sq. 
regression line (21.6.4) may also be considered as the line of closest 
fit to the regression cmitc (a;), distances always being measured 

along the axis of y. It immediately follows thaty in a case whefi the 
regression curve y = m^ (x) is a straight line, this is identical with the 
m. sq. regression line (21.6.4). 

So far we have been concerned with the linear m. sq. regression 
of on g. In the converse case of the regression of g on 17 , we have 
to find the values of a and p that render the expression 


(21.6.7) 


E(|-a-/»!,)• = 




(» —/?y)*dP 


as small as possible. In the same way as above, we find that the 
problem has a unique solution, and that the minimizing straight line 
x==a + Py may be considered as the line of closest fit to the mass 
in the distribution, or to the regression curve x=^mi{y)y when di 8 > 
tances are measured horieontally, i. e. along the axis of x. The equation 
of this line, the m. sq, regression line of g, may be written 


( 21 . 6 . 8 ) 


y — tw, ^ 1 a? — m, 
cr, g Oi 


and the regression coefficient has the expression 


(21.6.9) ^=^,=5?=^. 

while the corresponding minimum value of the expression (21.6.7) is 

(21.6.10) B-i.(f-a-/?i,)* = o;(l-j*). 
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Fig. 23. M. aq. regression lines. Wi = m* = 0, Oj = ff* == 1. a) p > 0, * b) p < 0. 


Both m. sq. regression lines (21.6.4) and (21.6.8) pass through the 
centre of gravity (m^.m,). The two lines can never coincide, except 
in the extreme cases p = ± 1, when the whole mass of the distribu¬ 
tion is situated on a straight line (cf 21.2). Both regression lines 
then coincide with this line. 

When p = 0, the equations of the m. sq. regression lines reduce to 
y ^ rug and x = m^, so that the lines are then parallel with the axes. 
This case occurs e. g. when the variables $ and j] are independent 
(cf 21.2 and 21.7). 

If the variables are standardized by placing the origin in the 
centre of gravity and choosing Oj and Of as units of measurement for 
^ and T] respectively, the equations of the m. sq. regression lines 
reduce to the simple form y — qx and y = x}q. Wh^n p is neither 
zero nor ± 1, these lines are disposed as shown by Fig. 23 a or 23 b, 
according as p > 0. or p < 0. 

If, instead of measuring the distance between a point and a straight line in the 
direction of one of the coordinate axes, we consider the shortest, i. e. the orthogonal 
distance, we obtain a new type of regression lines. Let d denote the shortest distance 
between the point ({, rf) and a straight line L. If L is determined such that E(d*) 
becomes as small as possible, we obtain the orthogonal m.sq. regression line. This 
is the line of closest At to the (|, i;)-distribution, when distances are measured 
orthogonally. 

Now E(jd}) may be considered as the moment of inertia of the mass in the distri¬ 
bution with respect to L. For a given direction of L, this always attains its mini¬ 
mum when L passes through the centre of gravity. We may thus write the equa¬ 
tion of L in the form — mi) sin g> —{fi — mg) cos <p 0, where g> is the angle 
between L and the positive direction of the ^-axis. The moment of inertia is then 

E{d?) =* — nil) sin <p — — m*) cos <py 

= sin* <p — 2 fill V 'P + 
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If, on ench side of the centre of gravity, we mark on I» a segment of length inveraely 

proportional to VEid*), the locns of the end-points when fp varies Is an ellipH of 
inerita of the distribution. The equation of this ellipse is easily fonnd to be 

(g — mi)* _ ap(g ~ mtXii —m,) ^ ^ 

0\ 04 O, cl “ 


For various values of c we obtain a family of homothetic ellipses with the common 
centre (mi, m^). The directions of the principal axes of this family of ellipses are 
obtained from the eqnation 


tg 2 y 


- fin' 


and the equations of the axes are 


( 21 . 6 . 11 ). 


^ ~ Wl 


_2 a<ii 

^•0 — ± - iWot)* + 4 fill 


(f - mi). 


Here, the upper sign corresponds to the major axis of the ellipse and thus to the mini¬ 
mum of i. e. to the orthogonal m. sq. regression line. In the case 


/wn « ~ ^01 = 0 

the problem is undetermined; in all other eases there is a unique solution. 


The parabolic m. sq. regression of order n > 1 forms a generalisa¬ 
tion of the linear m. sq. regpression. We here propose to determine a 

polynomial g(^)^ Po - PnS* such that the mean value M =■ 

E(r] gi^y becomes as small as possible. The curve g^g(x) is 
then the n.th order parabola of closest fit to the mass in the distri¬ 
bution, or to the recession curve (x). 

Assuming that all moments appearing in our formulae are finite, 
we obtain the conditions for a minimum: 


~ *?)] ~ + -H Pnap+n.O — Ctrl == 0 

for y = 0, 1 ,..., n. If the moments Oft are known, we thus have 
n -h 1 equations to determine the n -h 1 unknowns . . ., ^n. 

The calculations involved in the determination of the unknown 
coefficients may be much simplified, if the regression polynomial g (x) 
is considered as a linear aggregate of the orthogonal polynomials p^ (x) 
associated with the marginal distribution of For all orders such 

that these polynomials are uniquely determined (cf 12.6), we have 

00 

(21.6.12) X(p»(g)p.(S))- fj>«(x)p.(a:)dJ’,(x) = (^ 

J 10 for mj^n^ 
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where pn[x) is of the w:th degree, and L\(x) denotes the marginal 
d. f. of §. Any polynomial g (x) of degree n may be written in the 
form 

g (a:) = c^Po (a;) -f • • -f CnPn (a;) 

with constant coefficients Co,...,Cn- The conditions for a minimum 
now become 

(21.6.13) £[jJv©(</(?) - I?)] = c. - E{rip,{l) - 0. 

Hence we obtain Cv ~ E(r] so that the coefficients are ob¬ 

tained directly, without first having to solve a system of linear 
equations. It is further seen that the expression for Cv is independent 
of the degree v. Thus if we know e. g. the regression polynomial 
of degree n, and require the corresponding polynomial of degree >2 + 1, 
it is only necessary to calculate the additional term Cn-^ ipn^\(x). — 
Introducing the expressions of the cv into the mean value M, we find 
for the minimum value of 3f 

(21.6.14) -d - 

It should finally be observed that it is by no means essential for 
the validity of the above relations that the are polynomials. 

Any sequence of functions satisfying the orthogonality conditions 
(21,6.12) may be used to form a m. sq. regression curve y~g[x) — 
=^YiCvPv{x), and the relations (21.6.13) and (21.6.14) then hold true 
irrespective of the form of the />v(j*). 

21.7. The correlation coefficient. According to (21.2.8), the correla¬ 
tion coefficient ^ of ? and rj is defined by the expression 

^ ^11 ^ £[(g — r>i,)(i; -- wi,l] 

^ <r, ff, K£(g ~ ' 

and we have seen in 21.2 that we always have — 1 1. The 

correlation coefficient is an important characteristic of the (|, r;) distri¬ 
bution. Its main properties are intimately connected with the two 
m. sq. regression lines 

<r, ^ a, ’ 

y — w,_ 1 X — m, 

<T, e Oi ' 
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which are the straight lines of closest fit to the mass in the (5, ij)- 
distribution, in the sense defined in the preceding paragraph. The 
closeness of fit realized by these lines is measured by the expressions 

respectively. Thus either variable has its variance reduced in the 
proportion (1 : 1 by the subtraction of its best linear estimate in 

terms of the other variable. These expressions are sometimes called 
the residual variances of r} and § respectively. 

When ^ = 0, no part of the variance of rj can thus be removed 
by the subtraction of a linear function of and vice versa. In this 
case, we shall say that the variables are uncorrelated. 

When ^ 7 *^ 0, a certain fraction of the variance of r} may be re¬ 
moved by the subtraction of a linear function of and vice versa. 
The maximum amount of the reduction increases according to (21.7.2) 
in the same measure as q differs from zero. In this case, we shall 
say that the variables are correlated, and that the correlation is jwsi- 
tive or 'negative according as (> > 0 or p < 0. 

When Q reaches one of its extreme values ± 1, (21.7.2) shows that 
the residual variances are zero. We have shown in 21.2 that this case 
occurs when and only when the total mass of the (J, ?;)-distribution 
is situated on a straight line, which is then identical with both 
regression lines (21.7.1). In this extreme case, there is complete func¬ 
tional dependence between the variables: when $ is known, there is 
only one possible value for rj, and conversely. Either variable is a 
linear function of the other, and the two variables vary in the same 
sense, or in inverse senses, according asp= + l or^ — — 1. 

On account of these properties, the correlation coefficient q may 
be regarded as a measure of the degree of tmearity shown by the 
(^, i;)-distribution. This degree reaches its maximum when ^ == ± 1 
and the whole mass of the distribution is situated on a straight 
line. The opposite case occurs when p — 0 and no reduction of the 
variance of either variable can be effected by the subtraction of a 
linear function of the other variable. 

It has been shown in 21.2 that in the particular case when § and 
rj are independent we have q = 0. Thus two independent variables are 
always uncorrelated. It is most important to observe that the con¬ 
verse is not true. Two uncorrelated variables are not necessarily in¬ 
dependent. 
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Consider, in fact, a one dimensional fr. f. g (a;) which differs from 
zero only when x> 0, and has a finite second moment. Then 




g(Vx^ -h y *) 
2 7t y"x* + y* 


is the fr. f. of a two-dimensional distribution, where the density of 
the mass is constant on every circle a;* + y* == c*. The centre of gra¬ 
vity is mj = iw, = 0 , and on account of the symmetry of the distribu¬ 
tion we have a*ii — hence ^ = 0. Thus two variables with this 

distribution are uncorrelated. However, in order that the variables 
should be independent, it is by (15.11.3) necessary and sufficient that 
f(x,y) should be of the form fi(x)f^(y), and this condition is not 
always satisfied, as will be seen e. g. by taking g[x) = e~^. 

If Q is the correlation coefficient of f and 17 , it follows directly 
from the definition that the variables 5 ^ ^ rf ^ ctj + d 

have the correlation coefficient Q = Q 8 gn(ac), where sgn x stands for 
± 1 , according as x is positive or negative. 

In the particular case of a discrete distribution with only two 
possible values (xj, x* and y, respectively) for each variable, we 
find after some reductions, using the notations of 21 . 1 , 


(21.7.3) 


g ~ Ptt Ptt 

P7. p.t 


sgn [(a:, — .r,) — y,)] . 


21.8. Linear transformation of variables. — Consider a linear 
transformation of the random variables $ and 17 , corresponding to a 
rotation of axes about the centre of gravity. We then introduce new 
variables X and Y defined by 

(? ■“ ^ 1 ) cos + (17 — wj,) sin g), 

— (5 — m,) sin + (17 — m,) cos 

^ == w, -f X cos (p — 1" sin <p, 

17 = wi, -f X sin g> Y cos q). 


( 21 . 8 . 1 ) 

and conversely 
( 21 . 8 . 2 ) 


If the angle of rotation g> is determined by the equation tg 2 5 P = 


2iMti 

^*0 


1 we find 
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£ (X r) = Mil eofl 2 jp — i (fiM — fioi) tin 2 9 >» 0, 


SO that X aad Y are unoorrelated. In the particular case ~ 
Mm Mot = when the equation for ^ is undetermined, we baTe E (X Y) 
= 0 for any g>. Thus it is always possible to express f and tj as linear 
functions of two uncorrelated variables. 

Consider in particular the case when the moment matrix M» 

(m*o ig of rank 1 (cf 21.2). We then have ± 1, and the 
iMii Moii 

whole mass of the distribution is situated on the line 17 — nti »= 


—- ($ — m,). Let us now determine the angle of rotation g> from the 


equation tg g> ^ 




From (21.8.1) we then find 


E (y•) = a\ sin* y — 2 ^ o, o, sin 9 ) cos -¥ a\ cos* tp 
*= (a^ sin g> — Q o, cos g>y == 0. 

Thus the variance of Y is equal to zero, so that X is a variable 
which is almost always equal to zero (cf 16.1). If we then put X = 0 
in (21.8.2), the resulting equations between tj and X will be satis¬ 
fied with a probability equal to 1. Thus two variables ^ and t) with 
a moment matrix M of rank 1 may, with a probability equal to I, be 
expressed as linear functions of one single variable. 


21.9. The correlation ratio and the mean square contingency. — 
Consider two variables § and r] with a distribution of the continuous 
type, such that the conditional mean m^(x) is a continuous function 
of X. In the relation (21.6.6) we put a = m|, /?=0, and so obtain 

(21.9.1) a\ = E(r} — w,)* = JB ( 1 ; — m, (g))* + E (wi, (g) ~ m,)*. 

We thus see that the variance of rj may be represented as the sum 
of two components, viz. the mean square deviation of rj from its con¬ 
ditional meap ni,(g), and the mean square deviation of m^ig) from its 
mean m,. 

We now define a quantity by putting 

oe 

(21.9.2) 6»•, = = ~E(»l^(|)-m,)•=i f (mtU) - m,)*/,{x)dx. 

cr, a, J 
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is the ecrrelatian ratio^) of 17 on $ introduced by K. Pearson. In 
the applications we are usually concerned with the square 6^^ and we 
may thus leave the sign of S undetermined. From (21.9.1) we obtain 

(21.9.3) 1 - »*,« = - m, (?))’, 

and hence 

(21.9.4) 

We further write the equation of the first m. sq. regression line 
(21.7.1) in the form y = a + pXy and insert these values of a and ^ 
in (21.6.6). Using (21.7.2) and (21.9.3), we then obtain after reduction 

(21.9.5) 0?: =e* + £(m.(D - a - /?|)*. 

a. 

It follows that Sli^ = 0 when and only when mj(2:) is independent 
of X. In fact, when m, (2:) is constant, the regression curve y = m^ (x) 
is a horizontal straight line, which implies q = ^ = 0, and consequently 

== 0. The converse is shown in a similar way. —Further, (21.9.3) 
shows that = 1 when and only when the whole mass of the 
distribution is situated on the regression curve y = m, (x), so that 
there is complete functional dependence between the variables. For 
intermediate values of (21.9.3) shows that the correlation ratio 
may be considered as a measure of the tendency of the mass to accu¬ 
mulate about the regression curve. 

When the regression of rj on ^ is linear, so that y = m, (x) is a 
straight line, (21.9.5) shows that we have = p*, and (21.9.3) reduces 
to the first relation (21.7.2). In such a case, the calculation of the 
correlation ratio does not give us any new information, if we already 
know the correlation coefficient g. 

In a case of non-linear regression, on the other hand, always 
exceeds p* by a quantity which measures the deviation of the curve 
y = (x) from the straight line of closest fit. 

The correlation ratio of 5 on 17 is, of course, defined by in¬ 
terchanging the variables in the above relations. The curve y == (x) 
is then replaced by the curve x = m, (y). 

For a distribution of the discrete type, the correlation ratio may 
be similarly defined, replacing (21.9.2) and (21.9.3) by 

*) In the literature, the correlation ratio is usually denoted by the letter 17 , which 
ohriously cannot be used here, since 17 is a random variable. 
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(21.9.2 a) 0l,t = ^E (m<')-«,)» = ^2P '.(>"'/’- 

Oi Oi 

(21.9.3 a) 1 - fl’f = 4 E (»; - M'')*. 

Oi 


where pi. and are defined by (21.1.2) and (21.4.3) respectively. 
The relations (21.9.4), (21.9.5) and the above conclusions concerningf 
the properties of the correlation ratio hold true with obvious modi¬ 
fications in this case. 

The correlation coefficient and the correlation ratio both serve to 
characterize, in the sense explained above, the »degree of dependenceii» 
between two variables. Many other measures have been proposed for 
the same purpose. We shall here only mention the 7nean square con- 
tinqeyicy introduced by K. Pearson. Consider two variables f, q with a 
distribution of the discrete type as defined by (21.1.1), and suppose 
that the number of possible values is finite for both variables. The 
probabilities pik then form a matrix with, say, m rows and n columns. 
Since any row or column consisting exclusively of zeros may be 
discarded, we may suppose that every row and every column contains 
at least one positive element, so that the row sums pt, and the co¬ 
lumn sums p.k are all positive. The mean square contingency of the 
distribution is then 


( 21 . 9 . 6 ) 


(B* = y ipit—p< p^y _ V />'•* 

^ ti P'P* Tip’-pi^ 


By (21.1.4), = 0 when and only when the variables are independent. 

On the other hand, by means of the inequalities piu^pi, pik^ p.k 
it follows from the last expression that <p^ ^ q — 1, where q — Min (w, n) 
denotes the smaller of the numbers m and », or their common value 
if both are equal. Further, the sign of equality holds in the last rela¬ 
tion if and only if one of the variables is a uniquely determined 

function of the other. Thus 0 ^ ^ l and the quantity ^ ^ 

g-1 • g-1 

may be used as a measure, on a standardized scale, of the degree of 

dependence between the variables. 

In the particular case wi = « = 2, we obtain after reduction 


s _ (Pn Pn V\i. , 
^ Pi^Vt-P.yPi 
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Thus in this case qp* is the square of the correlation coefficient q given 
by (21.7.3). We have here = 2, so that is identical with q>*. 


Further, q>^ assumes its maximum value 1 only in the two cases 
Pi% = Pii == 0 or pn = pn = 0. 


21.10. The ellipse of concentration. — Consider a one-dimensional 
random variable § with the mean m and the s. d. a. If is another 
variable which is uniformly distributed (cf 19.1) over the interval 
{m — 0^3, tn + uKS), it is easily seen that ^ has the same mean and 
s. d. as §. Thus the interval (m — aVS, m + aV^) may be taken as a 
geometrical representation of the concentration of the ^-distribution 
about its centre of gravity m (cf also 15.6). 

We now propose to find an analogous geometrical representation 
of the concentration of a given two dimennonal distribution about its 
centre of gravity (m^, m*). For this purpose, we want to find a curve 
enclosing the point (mj, m,) such that, if a mass unit is uniformly 
distributed over the area bounded by the curve, this distribution will 
have the same first and second order moments as the given distribu- 
tion. (By a »uniform distribution» we mean, of course, a distribution 
with a constant fr. f.) 

In this general form, the problem is obviously undetermined, and 
we shall restrict ourselves to finding an ellipse having the required 
property. In order to simplify the writing, we may suppose m, == =0. 

Let the second order central moments of the given distribution be 
shall suppose that we have p* < 1, so that our 
distribution does not belong to the extreme type that has its total 
mass situated on a straight line. 

Consider the non-negative quadratic form 


By (11.12.3) the area enclosed by the ellipse g = c* is nc^lVA, where 
d = Uit Ofi — a'li. If a mass unit is uniformly distributed over this 
area, the first order moments of the distribution will evidently be 
zero, while the second order moments are according to (11.12.4) 


2f. 

4 A ' 


^ ?!t 

4 A 


and 


4 A ■ 


It is required to determine c nnd the oit such that these moments 
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C 


/ 

/ 



Fig. 24. Concentration ellipse and regression lines, p > 0. 

Q » centre of gravity. QA = orthogonal m. sq. regression line. QB ~ m. sq. regres¬ 
sion line, q on QC — m. sq. regression line, g on '»/. 


coincide with jUjQ, and /ios respectively. It is readily seen that this 
is effected by taking r* = 4, and 


— 

‘ M 


' M 


fjio 

M ’ 


where M ^ — fiu. It will be seen that the form 7 (^, 1 ?) thus 

obtained is the reciprocal (cf 11.7) of the form 


Returning to the general case of an arbitrary centre of gravity 
and replacing the fiik by their expressions in terms of a,, a* 
and p, it thus follows that a uniform distribution of a mass unit over 
the area enclosed by the ellipse 


1 _ /is ~/"i]*... 2 g(§— m,) it} — m,) [t] — m,)* ’ 

1 — \ ^ OiO, 02 , 


has the same first and second ordm' moments as the given distribution, 
— This ellipse will be called the ellipse of concentration corresponding 
to the given distribution. 

The domain enclosed by the ellipse ( 21 . 10 . 1 ) may thus be regarded 
as a two-dimensional analogue of the interval (m —aV3, m + aKS). 
When two distributions in Kj with the same centre of gravity are 
such that one of the concentration ellipses lies wholly within the 
other, the former distribution will be said to have a greater concentra¬ 
tion than the latter. This concept will find an important use in the 
theory of estimation (cf 32.7). 
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If we replace the constant 4 in the equation (21.10.1) by an 
arbitrary constant c*, we obtain for various values of c* a family of 
homothetic ellipses with the common centre (m,, n/,), which is identical 
with the family of ellipses of inertia considered in 21.6. The common 
major axis of the ellipses coincides with the orthogonal m. sq. regres¬ 
sion line of the distribution (cf 21.6). The ordinary m. sq. regression 
lines are diameters of the ellipses, each of which is conjugate to one 
of the coordinate axes. The situation is illustrated by Fig. 24. 

21 .11. Addition of independent variables. — Consider the two- 
dimensional random variables jtj = (i,, rj^) and = T)^). We define 

the sum x = + «2 according to the rules of vector addition: 

* = (i 1?) = (fl + + Vi)- 

By 14.5, « is a two-dimensional random variable with a distribution 
uniquely determined by the simultaneous distribution of x, and x^. 

Let us now suppose that X| and x^ are independent variables ac¬ 
cording to the definition of 14.4, and denote by (pi(tyu) and 

g>i(tfU) the c. f:s of x, x^ and x^ respectively. By the theorem (15.3.4) 
on the mean value of a product of independent variables we then have 

(21.11.1) ^ 

= * = (p^ i<) ^), 

The generalization to an arbitrary number of terms ^s evident, and 
we thus obtain the same theorem as for one-dimensional variables 
(cf 15.12): The c.f. of a sum of independent variables is the product of the 
c.f’s of the terms. 

We shall now consider the case of a sum x =- x, -I- Xj, + + Xn, 

where the x» = (5^, rj^) are independent variables all having the same 
two-dimensional distribution. We shall suppose that this latter distri¬ 
bution has finite moments of the second order /z,i, /iog, and that 
the first order moments are zero: wij ~ = 0. If (f(t,H) is the c.f. 

of this common distribution of the x,., we have by (21.3.3) 

(21.11.2) 5p(f, w) = 1 — i (itijo^* ^ 2^,1 tu -f /HoiU^) + o(/* -I- w*). 

On the other hand, we have x = (^i -f- + +■ ^n) and 

* _ ^ 

\ 1^" ’ r;; /■ 
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If g>n(tjn) is the c. f. of x/l n, it thus follows from the above that 
we have 


(t, u) = 



Substituting in (21.11.!?) t/Vn and for t and w, we obtain 


(p-n(t, //) = 1^1 


n J 


2 n 


where, for any fixed t and *«, the quantity 6(n,tyu) tends to zero as 
-► oo. Hence we obtain, in the same way as in the proof of the 
Lindeberg-Levy theorem in 17.4, 


(21.11.3) lim g)n(t. u) == (/.«<«+ 2 ^,. tu+^«u«) 

<1 -• oo 


Thus (t, u) tends for all t and u to a limit which is obviously con¬ 
tinuous for (^, u) = (0, 0). By the continuity theorem for c. f.s proved 
in 10.7, we may then assert that this limit is the c. f. of a certain 
distribution which in its turn is the limit, for w -> of the distri¬ 
bution of the variable 

T/ius // jr,, * 2 , . . . are independent two dimensional vanables^ all 
having the same distribution with finite second order moments and first 

order moments equal to zero, the distribution of the variable —*-- 

y n 

always tends to a limiting distribution as ;/ -► oo, and the c.f of the 
limiting distribution is given by the second member o/(21.11.3). — Ex¬ 
cept the trivial restriction nii = == 0, this is the two-dimensional 

generalization of the Lindeberg-Levy theorem of 17.4. 

It should be observed that, with respect to the second order mo¬ 
ments, we have here only assumed that these are finite. Now, given 
any quantities /i^oi Pn quadratic torm 

is non-negative, it is possible (cf 21.2) to find a distribution with 
w, = W 2 = 0 and the given quantities for their second order moments. 
Taking this distribution as the common distribution of the Xy in the 
above theorem, it follows that the expression in the second member 
of (21.11.3) is always the c.f. of a certain distribution, as soon as 
the quadratic form within the brackets is non-negative. If jr is a 
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variable having this c. f., and if m = (mj,wij) is a constant vector, 
the variable m x has the c. f. 

(21.11.4) + 

The distribution corresponding to this c. f. is the two-dimensional normal 
distribution^ which will be further discussed in the following paragraph. 


21 .12. The normal distribution. — We now proceed to study the 
distribution corresponding to the c. f. (21.11.4). We shall have to 
distinguish two cases according as the non-negative quadratic form 

(i{t, u) = 1^20 + 2 f M + I/* 

is definite or semi-definite positive (cf 11.10). In the former case, we 
shall say that we are concerned with a non-singular normal distribu¬ 
tion^ whereas in the latter case we have a singular normal distribution. 
When we use the expression normal distribution without specification, 
it will always be understood that we include both kinds of distributions. 

We shall first consider the case of a definite positive form Q[t.,u). 
Then the reciprocal form y) exists and has the expression (cf 

21 . 10 ) 

= ._l - - ^ , 

i—e*\<7j o, ffj ai)' 

where M — jUso^t — /“ii = o’ (1 — ?*)• From ( 11 .12.1 b) we now obtain 


— 00—00 


or, substituting x — for x and g — m^ for y, 

00 00 

—--— - I / y>-^ Q~* dx dy — ^ t b?...)-! o (/..i 

27ra,ff,Vl —e'j J 


— 00 —00 


The last relation shotvs that the function 

/(x, y) = --«-* (r-»„. y-..,) 

2 /r Uj ag r 1 — 
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is a two-dimensional fr.f. with the c.f. 

(21.12.2) q) tt) = '•>, 

The development (21.3.2) for the c.f. shows that the quantities wj, 
and fiik have, for this distribution, their usual signification as mean 
values and second order central moments. The function/(x,.v) defined 
by (21.12.1) is the normal fr.f, in two variables. It has a maximum 
point at the centre of gravity (wj, m^. '^he nomothetic ellipses 

(2,.12.3) —> ^ (j^-^ 

that have already appeared in 21.6 and 21.10 in connection with the 
ellipses of inertia and of concentration of an arbitrary distribution, 
play in the case of a normal distribution the further role of equi- 
prohahilUy curves. For any point belonging to (21.12.3) we have, in 

fact, /(oj, y)= - - e^^. Since by (11.12.3) the area of the 

2 Tta^a^y 1 — 

ring between the ellipses corresponding to c and c + dc is 
4/cai(Fi VT— Q^cdc, 

the mass situated in this ring is 2cc~®*dc, and thus the mass in the 
whole plane outside the ellipse (21.12.3) is (cf Ex. 15, p. 319) 

f 2ce~^'dc = 

c 

The form of the equiprobability ellipses (21.12.3) gives a good idea 
of the shape of the normal frequency surface z — f[x,y). For p == 0, 
a, — a^, the ellipses are circles. As p approaches +1 or —* 1, the 
ellipses become thin and needle-shaped, thus showing the tendency of 
the mass to accumulate towards the common major axis of the eh 
lipses, which is the orthogonal m. sq. regression line (cf 21.6) of the 
distribution. 

A variable (f, i^) with the fr.f. (21.12.1) is said to possess a non¬ 
singular normal distribution. The c. f. of the marginal distribution of 
5 is then by (21.3.4) 

9Ei(<,0) = 

Thus by 17.2 ^ is normal (m|,a,), with the marginal fr.f. 
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/i{*) = 



(3r-m,) « 
C -'1 ' 


By index permutation we obtain tbe corresponding expression for the 
marginal fr. f. /,(y) of tj. 

In the particular case when p = 0, it is seen that we have 
/(a;, y) =/i (x )/2 (y), which implies that the variables are independent. 
For the normal distribution, it is thus legitimate to assert that two 
non-correlated variables are independent, though we have seen in 21.7 
that for a general distribution this may be untrue. 

The conditional fr. f. of rj, relative to the hypothesis ^ — or, is by 
(21.4.6) 


(21.12.4) Avia:)- 


A?..y) ^__ 

/i M a, (1 — p*) 


1 '^T7i T, ~ 

=r-:=r=r—e ) V 


This is a normal fr. f. in y, with the mean 


nig (x) = nig + -™- (x “ w,) 

and the s. d. Og V\ ■— p*. Thus the regression of on f is linear, and 
the conditional variance of t) is independent of the value assumed 
by 5 . — The analogous properties of the conditional distribution of ? 
for a given value of r] are deduced in the same way. 

When the non-negative form Q(t,u) is semi definite, the determinant 
M is zero, and no reciprocal form exists (cf 11.7 and 11.10). It fol¬ 
lows, however, from the preceding paragraph that the expression 

(21.12.2) is still the c. f. of a certain distribution, and this will be 
called a singular normal distribution. By 21.2, the total mass of this 
distribution is situated in a single point or on a straight line, ac¬ 
cording as the rank of the moment matrix M is 0 or 1. 

In such a case, it is evident that no finite two-dimensional fr. f. 
exists. Still, a singular normal distribution may always be regarded 
as the limit of a sequence of non-singular normal distributions. In 
order to see this, we may consider the sequence of non-singular nor¬ 
mal distributions corresponding to the given values of and mg, and 
the sequence of de6nite positive forms Qv(t,u)=^ <?(^«) + «*)> 

where -► 0. The corresponding c. fis tend, of course, to the limit 

(21.12.2) , and by the continuity theorem 10.7 the non-singular distri¬ 
butions then tend to the given singular distribution. 
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Consider a singular normal distribution with a moment matrix M 
of rank 1. By 21.8, the corresponding variables ^ and rj may, with a 
probability equal to 1, be represented as linear functions of a single 
variable X. Conversely, X is a linear function of | and rj, and the 
c. f. of X is then of the form so that X is normally distri¬ 

buted. The case when M is of rank 0 may be regarded as the limiting 
case a == 0, and we thus have the following result: 

A two-dimensional singular normal distribution may be regarded as 
an ordinary one-dimensional normal distribution on a certain straight line 
in the plane. 


When m, — = 0, we obtain from (12.6.8) the following expansion of the nor¬ 

mal fr. f. in powers of q: 


( 21 . 12 . 6 ) 


_1 _ a pxy y*V 

/(x,v) =_L__-e *‘*->''-5" 

2 71 a, tfj 


The series may be integrated term by term, and we deduce a corresponding expression 
for the normal d. f. 


( 21 . 12 . 6 ) 



f{u,v)dudv 



For X ~ y ^0 we obtain from (21.12.6) 

V l *'*'^*’w l* p. = 1 . 

27ty\~~p* 


and hence by integration with respect to q 




p’ = 


1 /* dr 

2 ni ViZr^ 


1 

— arc sin p, 
271 


Now (21.12.6) gives 


0 0 j 

/ / arc sin p. 


By the symmetry properties of the fr. f. /(x, y), it then follows that in each of the 
first and third quadrants of the (x, y>plane we have the mass i -f -- arc sin p, 

while each of the second and fourth quadrants contains the moss i arc sin p. 
These relations are due to Stieltjes, Kef. 220, and Sheppard, Ref. 211. 

290 



33.1 


CHAPTER 22. 

General Properties of Distributions in R.. 

23.1/ Two simple types of distributions. Conditional distributions. 
— The joint probability distribution (cf 14.2) of n one-dimensional 
random variables , fn ie a distribution in the n-dimensional space 

Kn, with the variable point * = (5i, ..£n). 

The probability function (cf 8.4) of the distribution is a set func¬ 
tion P(iS^) = P(*C 5), which for any set S in Rn represents the prob¬ 
ability of the relation xCS. The distribution function, on the other 
hand, is a function of n real variables defined by the relation (8.3.1): 

F(Xi, . . Z„) = P(f, S X,, . . ^ Xh). 

The distribution is uniquely defined by either function P or P. 

As before, we shall make a frequent use of our mechanical illustra¬ 
tion, interpreting the probability distribution by means of a distribu¬ 
tion of a unit of mass over Rn- If we pick out a group of k variables 
and project the mass in the original Tt-dimensionai distri¬ 
bution on the it-dimensional subspace of these variables, we obtain 
(cf 8.4) the hdimensional marginal distribution of . The 

corresponding marginal d. f. is obtained, as in the two-dimensional 
case, by putting the n — k remaining variables in F equal to -f oo. 
Thus in particular the marginal d. f. of the single variable is 
Fi(x) = P(a:, oo,..oo), and similarly for any 

As in the cases n — i and n = 2 (cf 15.2 and 21.1), we now intro¬ 
duce the two simple types of distributions: the disa’ete and the con¬ 
tinuous type. The definitions and properties of these are directly 
analogous to those given in 21.1, and we shall here only add some 
brief comments. 

For a distribution of the discrete type, we have on the axis of each 
a finite or enumerable set of points x^\, x^%y..., which are the 
discrete mass points of the marginal distribution of The total 
mass of the n-dimensional distribution of « = (fi,..., ^n) is then con¬ 
centrated in the discrete points (xu,,.. XniJ, each of these points 
carrying a mass p,, . . so that 

^(fl = a?!= Xn.J =P/,.. . 

1. 
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The marginal distribution of any group of k Tariables is also of the 
discrete type, and the corresponding jp:s are obtained in a similar 
way as in (21.1.2) and (21.1.3), by summing OTer all values of 

the n — remaining variables. 

For a distribution of the continuous type, the d. f. F is everywhere 
continuous, and the probability density or frequency function (cf 8.4) 


f(x^, ...,Xn) 


. .dXn 


exists and is continuous everywhere, except possibly in certain points 
belonging to a finite number of hypersurfaces in Rn. The differential 
/(xj,.. ., iCn) dxi.. . dxn will be called the probability element (cf 15.1) 
of the distribution. The fr. f. of the marginal distribution of any 
group of k variables is obtained by integrating /(xj,.. ., OTn) with 
respect to the n — k remaining variables, as shown for the two> 
dimensional case by (21.1.5) and (21.1.6). 

When have a distribution of the continuous type, the 

conditional fr.f of ?*, relative to the hypothesis St+i == 

Xk +\,is given by the expression generalizing (21.4.10): 


( 22 . 1 . 1 ) 


y (xj,.... xt I Xk+ 11... (Xu) 

_/(»!.Jg..) 


/ //(5..-.a:,) </?,.. 


Finally, let us consider two variables x = (fi,..., $m) and y = 
(>7t • • • • > V») n)-dimen8ional combined variable (x, y) 

has a distribution of the continuous type. In generalization of (21.1.7) 
we then find that a necessary and sufficient condition for the inde¬ 
pendence of X and y is 

(22.1.2) /(x,,.. ., x„, y,,. . .,y«)=/,(x,,.. .,x«)/,tvi ' • ■,»»}, 

where f f and /, are the fr. fis of («, y\ x and y respectively. The 
generhKzation to any number of variables x, y, .. . is immediate. 

22.2. Change of variables in a continuous distribution. — Let 
a = ($i,. .., $n) be a random variable in Hn, and consider the m functions 


( 22 . 2 . 1 ) 


>7< = fl'<(li. • • •.?»). (• = 1.2,.. ., «), 
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where m is not necessarily equal to n. According^ to 14.5, the vector 
y == (r}i, ’ ‘ then constitutes a random variable in a space R,„ of 

m dimensions, with a probability distribution uniquely determined by 
the distribution of *. 

We shall here only consider the particular case when m — #/, and 
the ^-distribution belongs to the continuous type. If the functions 
gi satisfy certain conditions, the y-distribution may then be explicitly 
determined, as we are now going to show. 

Let us assume that the following conditions A) and B) are satisfied 
for all X such that the fr. f. /(x*,, . . ., Xn) is different from zero: 


A) The functions gi are everywhere unique and continuous, and 
have continuous partial derivatives in all points ;r, except possibly 
in certain points belonging to a finite number of hypersurfaces. 

B) The relations (22.2.1), where we now take n? == «, define a one- 

to-one correspondence between the points * = , . . .. fr.) and y~ 

• • •> ^n)> so that we have conversely - h, (7;i, • • •, fjn) for i — 
l,...,*w, where the are unique. 

Consider a point x which does not belong to any of the exceptional 


hypersurfaces, and is such that the Jacobian 






OBk 


is different from zero. The Jacobian of the inverse transformation. 


...^'^ 111 ; 

. r]n) \^Tlk 

to X, since we have 


is then finite in the point y corresponding 




When S is a sufficiently small neighbourhood of x, and T is the 
corresponding set in the r-space, J is finite for all points of 7\ and 
we have 

(22.2.2) P(S)=*- jf[x^, . . .,x,i)dxy ... //(.^^-- .u,)| d\j^ .. .dyv 

a r 

where in the last integral the a:*, should be replaced by their expres 
sions Xi ~ hi(y^, . . y„) in terms of the Vt. 

The probability element of the » distribution is thus transformed 
according to the relation 

(•22.‘i.3) f(x^ ,. . ., Xa) dXi ... dxv = /(a;,.. . ., x^) | J| rfy, . . . (<(/„. 
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where in the second member Xi=^hi(y^^.. The fr. f. of the new 

variable y (r]iy. • .,rjn) is thus /(arj,. .ar«)| J|. 

When « — 1, and the transformation f]= g(i) or 4=^ h(r}) is unique 
in both senses, (22.2.3) reduces to 

f(x) dx =/[A (y)] I K M I dy, 


where the coefPicient of dy is the fr. f. of the variable i?. An example 
of this relation is given by the expression (15.1.2), which is related 

f] — b 

to the linear transformation ij = a§ + 6, orf = -- 


Suppose now that the condition B is not satisfied. To each point x, there still 
corresponds one and only one point y, but the converse transformation is not unique: 
to a given y there may correspond more than one x. We then have to divide the 
«<space in several parts, so that in each part the correspondence is unique in both 
senses. The mass carried by a set T in the y-space will then be equal to the sum 
of the contributions arising from the corresponding sets in the various parts of the 
x-space. Each contribution is represented by a multiple integral that may be trans¬ 
formed according to (22.2.2), and it thus follows that the fr. f. of y now assumes the 
form I •/,,!, where the sum is extended over the various points x corresponding 
to a given y, and and are the corresponding values of /(.x,,.. .,x„) and J. 

In the case n = 1, an example of this type is afforded by the transformation 
9/~ f’ considered in 16.1. The expression (16.1.4) for the fr. f. is evidently a special 
case of the general expression J^|. — A more complicated example will occur 
in 29.3. 


22.3. Mean values, moments. — The mean value of a function 
• • M ^n) integrable over Rn with respect to the n-dimensional pr.f. 
F(S) has been defined in (15.3.2) by the integral 


■ ■ ■,4n) = f 9(Xi, 


A. 


. ..*») dP. 


The moments of the distribution (cf 9.2 and 21.2) are the mean 
values 


(22.3.1) 




-t'- 


.X^ndP, 


where + • • • + Vn is the order of the moment. For the first order 
moments we shall use the notation 


Wl/ = 



Xi d P, 
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The point m = (w,,.. ., win) is the centre of gravity of the mass in the 
>;-diniensional distribution. 

The central moments or the moments about the point m, 

are obtained by replacing in (22.3.1) each power by (^i — 

The second order central moments play an important part in the sequel, 
and whenever nothing is explicitly said to the contrary, we shall 
always assume that these are finite. The use of the ^ notation for 
these moments would be somewhat awkward when n > 2, owing to 
the large number of subscripts required. In order to simplify the 
writing, we shall find it convenient to introduce a particular notation, 
putting 

(22 3 2) ^ ’ 

Aifc = Pifc OiOk == E ((?*• — w,)““ mk)). 


Thus denotes the variance and Oi the s. d. of the variable £,, while 
Xtk denotes the covariance of 5* §*• The correlation coefficient 

(T((Xk 


Qik 


is, of course, defined only when Oi and at are both positive. 


Obviously we have A*,— A,*, Qki~Qtk and pi, = l. — In the par¬ 
ticular case 11 = 2 , we have Ajj = Ajg = A^g — 

In generalization of (21.2.5), we find that the mean value 


(22.3.3) 






is never negative, so that the second member is a non-negative qua¬ 
dratic form in The matrix of this form is the moment 

matnx 




correlation matrix 


A.,-- 

.A,„j 

An 1 . 

" r 

• • Xfin) 

substitution 

Pii- 


, Pn 1 . 

...J 


ot 


corresponds to the 


which is defined as soon as all the d are positive. 
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Thus the sjmmetric matrices A and P are both non-negatire (cf 
11.10). Between A and P, we have the relation 

A = 1P1 

where 1 ' denotes the diagonal matrix formed with as its 

diagonal elements. By 11 . 6 , it then follows that A and F have the 
same rank. For the corresponding determinants A = |A,»| and P = |p/k|, 
we have A = a].. .alF. From (11.10.3) we obtain 

(22.3.4) 0 ^ ./f ^ Ajj... Amt, 0 ^ P ^ Pn ... pnu = 1. 

In the particular case when A,jt = 0 for i k, we shall say that 
the variables are uncorrelated. The moment matrix A is 

then a diagonal matrix, and — A|1 . . . Ann. If, in addition, all the 
Gi are positive, the correlation matrix P exists and is identical with 
the unit matrix /, so that P== 1. Moreover, it is only in the uncorre* 
lated case that we have A = ... Xnn and P== 1 . 


22.4. Characteristic functions. — The c. f. of the n dimensional 
random variable * = ( 5 i,. .., fn) is a function of the vector t = (^,,..., f„), 
defined by the mean value (cf 10 . 6 ) 


f(t) = 


where, in accordance with ( 11 . 2 . 1 ), » == n-• • 4* 5n. The pro¬ 

perties of the c. f. of a two-dimensional variable (cf 21.3) directly 
extend themselves to the case of a general n. In particular we have 
in the neighbourhood of t ~0 a development generalizing ( 21 . 3 . 2 ) 


(22.4.1) q>(t) = 4 -f 

If m = 0, this reduces to 

(22.4.2) y (*) = 1 - 1 2 " (2 • 


The semi'inmriants of a distribution in n dimensions are defined by 
means of the expansion of log 9 ? in the same way as in 15.10 for 
the case w == 1 . 

As in 21.3, it is shown that a necessary and sufficient condition 
for the independence of the variables x and y is that their joint c. f. 
is of the form 9 ) (e, u) = gpj (e) 97 , (u). 
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The c. f. of the marginal distribution of any group of h Tariabits 
picked out from Si,... .In is obtained from (p(t) by putting U^Oior 
all the n — k remaining variables. Thus the joint c. f. of Si» • S* i* 

(22.4.3) E h)) = 9 , (f,,..., 0,..., 0). 

22.5. Rank of a distribution. — The rank of a distribution in Rn 
(Frisch, Ref. 113; cf also Lukoniski, Ref. 151) will be defined as the 
common rank r of the moment matrix A and the correlation matrix 
P introduced in 22.3. The distribution will be called oingular or non¬ 
singular, according as r < n or r = n. 

In the particular case w = 2, A is identical with the matrix M 
considered in 21.2. It was there shown that the rank of M is directly 
connected with certain linear degeneration properties of the distribu¬ 
tion. We shall now prove that a similar connection exists in the 
case of a general w. 

A distribution in Rn is non-singular when and only when tha e is no 
hyperplane in Rn that contains the total mass of the distribution. 

In order that a distribution in Rn should be of rank r, where r < n, 
it is necessary and sufficient that the total mass of the distribution 
should belong to a linear set Lr of r dimensions, but not to any linear 
set of less than r dimensions. 

Obviously it is sutficient to prove the second part of this theorem, 
since the first part then follows as a corollary. We recall that, by 
3.4, a linear set of r dimensions in R„ is defined by )i — r indepen¬ 
dent linear relations between the coordinates. 

Suppose first that we are given a distribution of rank r < The 
quadratic form of matrix A 

(22.5.1) (?(t) = 2 ^ (2 ~ "'*))' 

i.k / ' 

is then of rank r, and accordingly (cf 11 10 ) there are exactly n — r 
linearly independent vectors tp (t\^\ . . ., t^f) such that Q(tj) — 0. For 
each vector tp, (22.5.1) shows that the relation 

(22.5.2) 

i 

must be satisfied with the probability 1 . The n — r relations corres¬ 
ponding to the n~ r vectors tp then determine a linear set L, con¬ 
taining the total mass of the distribution, and since any vector t 
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such that Q (t) = 0 must be a linear combination of the there can 
be no linear set of lower dimensionality with the same property. 

Conversely, if it is known that the total mass of the distribution 
belongs to a linear set Xr, but not to any linear set of lower dimen¬ 
sionality, it is in the first place obvious that Lr pas&ips through the 
centre of gravity m, so that each of the n — r independent relations 
that define Lr must be of the form (22.5.2). The corresponding set of 
coefficients then by (22.5.1) defines a vector Sp such that ^(^) = 0, 
and since there are exactly n — r independent relations of this kind, 
Q(t) is by 11.10 of rank r, and our theorem is proved. 

Thus for a distribution of rank r <n, there are exactly n — r 
independent linear relations between the variables that are satisfied 
with a probability equal to one. As an example we may consider the 
case n = 3. A singular distribution in is of rank 2, 1 or 0, ac¬ 
cording as the total mass is confined to a plane, a straight line or a 
point, and accordingly there are 1 , 2 or 3 independent linear relations 
between the variables that are satisfied with a probability equal to one. 

22 . 6 . Linear transformation of variables. — Let be 

random variables with a given distribution in such that m = 0 . 
Consider a linear transformation 

H 

( 22 . 6 . 1 ) = 

A = 1 

with the matrix C = Cmn = {c,a}, where m is not necessarily equal 
to n. In matrix notation (cf 11.3), the transformation ( 22 . 6 . 1 ) is 
simply y = Cx. This transformation defines a new random variable 
y ^ i*?!! • • •» Vm) with an wi-dimensional distribution uniquely defined by 
the given ^i-dimensional distribution of x (cf 14.5 and 22.2). 

Obviously every has the mean value zero. Writing A,t = E(f, it), 
^ik = E(rjLrji(), we further obtain from ( 22 . 6 . 1 ) 

n 

r,$=l 

This holds even when m 7 ^ 0, and shows that the moment matrices 
A — A„n — U/jil and M = Mmm =-"^ satisfy the relation 

(22.6.2) M^CAC, 

If, in the c. f. (p[t) of the variable we replace t,,. .., by new 
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yariables ti|,..., t<«i by means of the contragfredient transformation 
(of 11.7.5) t^C*u, we have by (11.7.6) and thus 

(22.6.3) q> (t) = = E(e<«>) = i/;(»), 

where t//(ii) = V/(m,, ...,»««) is the c. f. of the new variable y. 

From (22.6.2) we infer, by means of the properties of the rank of 
a product matrix (cf 11 . 6 ), that the rank of the y distrihution never 
exceeds the rank of the x distribution. 

Consider now the particular case m = n, and suppose that the 
transformation matrix C = Cnn is non-singular. Then by 11.6 the 
matrices A And M have the same rank, so that in this case the 
transfo}'mati(m ( 22 . 6 . 1 ) does not affect the rank of the distribution. — 
Let us, in particular, choose for C an orthogonal matrix such that 
the transformed matrix M is a diagonal matrix (cf 11.9). This im¬ 
plies ju/jt = 0 for i k, so that i/i,. .i^n are uncorrelated variables 
(cf the discussion of the case = 2 in 21.8). In this case, the reci¬ 
procal matrix exists (cf 11.7), and the reciprocal transformation 
« = C~^y shows that the may be expressed as linear functions of 
the r}i. If the jc distribution is of rank r, the diagonal matrix M 
contains exactly r positive diagonal elements, while all other elements 
of M are zeros. If r < n, we can always suppose the tji so arranged 
that the positive elements are jUn,..., For t == r -h 1 ,..., w, we 
then have fin E(f]i) = 0, which shows that rji is almost always equal 
to zero. Thus we have the following generalization of 21.8: 

If the distribution of n variables ?i,. .., §n is of rank r, the may 
with a probability equal to 1 be expressed as linear functions of r un¬ 
correlated variables ij,,. .., 

The concept of convergence in probability (cf 20.3) immediately ex¬ 
tends itself to multi dimensional variables. A variable * = (5i» • • •» fn) 
is said to converge in probability to the constant vector a = (fli,..., an) 
if converges in probability to ai for t = 1 ,.. ., w. We shall require 
the following analogue of the convergence theorem of 20 . 6 , which 
may be proved by a straightforward generalization of the proof for 
the one-dimensional case: 

Suppose that we have for every v = 1 , 2 ,.. . . 

y^ = Ax^ + 

where y* and Zy are n dimensional random variables^ while A is a 
matrix of order n • n with constant elements. Suppose further thaty as 
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••■♦oo, the n-dimenetonal dieti'ibution of tends to a certain limiting 
disirihution^ while converges in probability to zero. Then has the 
limiting distribution defined by the linear transformation y^ Ax, where 
X has the limiting distribution of the 

32.7. The elUpeold of concentration. — The definition of the ellipse 
of concentration fi^iven in 21.10 may be generalized to any number 
of dimensions. Let the rariables ft,..., fn have a non-singular distribu- 
tion in Rn with m »0 and the second order central moments k/kr 
and consider the non negative quadratic form 


4(li. • • = 

i,k 

If a mass unit is uniformly distributed (i. e. such that the fr. f. is 
constant) over the domain bounded by the n-dimensional ellipsoid 
q = c*, the first order moments of this distribution will evidently be 
zero, while the second order moments are according to (11.12.4) 

;r+l T 

It is now required to determine c and the atk such that these mo¬ 
ments coincide with the given moments Xik- It is readily seen that 
this is eflPected by choosing, in generalization of 21.10, c* — n -f 2 and 

Aki Aik 

,g.)= = » + 2 

i,k 

has the required property. This will be called the ellipsoid of con- 
eeittration corresponding to the given distribution, and will serve as a 
geometrical illustration of the mode of concentration of the distribu¬ 
tion about the origin. The modification of the definition to be made 
in the case of a general m is obvious. When two distributions with 
the same centre of gravity are such that one of the concentration 
ellipsoids lies wholly within the other, the former distribution will be 
said to have a greater concentration than the latter. 

The quadratic form g appearing in (22.7.1) is the reciprocal of 
the form 


Thus the ellipsoid 
(22.7.1) g(5„... 


300 



23.7-23.1 


C(?i* • • •, 5«) = 


(Since is a symmetric matrix, we may replace Au by An in the 
elements of the reciprocal matrix as defined in 11.7.) 

The n-dimensional volume of the ellipsoid (22.7.1) has by (11.12.3) 
the expression 


n II 


(n + 2)* TT* 




..OnVP. 


where the determinants A=^\kn\ and P = |p/fc| are both positive, 
since the distribution is non-singfular. When U|,..., On are given, it 
follows from (22.3.4) that the volume reaches its maximum when the 
variables are uncorrelated (P= 1), while on the other hand the volume 
tends to zero when the Qn tend to the correlation coefficients of a 
singular distribution. The ratio between the volume and its maximum 
value is equal to V?; this quantity has been called the scatter 
coefficient of the distribution (Frisch, Ref. 113). It may be regarded 
as a measure of the degree of »non singularity» of the distribution. 
— For fi = 2, we have y~P = VT— p*. 

On the other hand, the square of the volume of the ellipsoid is 
proportional to the determinant A — a\ . . . On P, and this expression 
has been called the generalieed variance of the distribution (Wilks, 
Ref. 232). For n = 1, ^ reduces to the ordinary variance o', and for 
n = 2 we have A ^ a\a\[\ — p*). 

We finally remark that the identity between the homothetic families 
generated by the ellipses of concentration and of inertia, which, has 
been pointed out in 21.10 for the two-dimensional case, breaks down 
for n > 2. 


CHAPTER 23. 

Regression and Correlation in n Variables. 

23.1. Regression surfaces. — The regression curves introduced in 
21.5 may be generalized to any number of variables, when the distri> 
bution belongs to one of the two simple types. Consider e. g. n vari¬ 
ables $ 1 , . . ., with a distribution of the continuous type. The con- 
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diticnal mean value of Sn relative to the hypothesis §i = Xi for 
f = 2,..., w, is 

go 

/ x,/{x„ . . x»)dxi 

® (Si I Si • • ■< S»~ ®») ~ (*i> • • •• ®") ~ M ■ 

ff(xt,. . .,x„) dXi 
— 00 

The locas of the point (mj, Xf ,. . a;n) for all possible values of a?„ ..Xn 
is the regression surface for the mean of and has the equation 

X\ = (afj, • • M ^n)j 

which is a straig^htforward g^eneralisiation of (21.5.2). 

23^. Linear mean square regression. — We now consider n vari¬ 
ables $ 1 , . . $11 with a perfectly general distribution, such that the 

second order moments are finite. In order to simplify the writing, we 
shall further in this chapter always suppose m = 0. The formulae 
corresponding to an arbitrary centre of gravity will then be obtained 
simply by substituting $< — mi for $< in the relations given below. 

The mean square regression plane for with respect to . . ., $n 
will be defined as that hyperplane 

(23.2.1) $1 =* /?1J.84. . . !•$! + iJl8-24 . . .n$8 ^-H /?l n • 33 . . . n -1 $» 

which gives the closest fit to the mass in the 7i-dimensional distribution 
in the sense that the mean value 

(23.2.2) IE (5l — ^ia • 84 . . . n $1 -/?1 n • 28 . . . n-l $n)* 

is as small as possible. Thus the expression on the right hand side 
of (23.2.1) is the best linear estimate of in terms of $(, . . ., $n, in the 
sense of minimizing (23.2.2). We may here regard $„ . . ., as in¬ 
dependent variables, and as a dependent variable which is approxi¬ 
mately represented, or estimated, by a linear combination of the in¬ 
dependent variables. 

In a similar way we define the m. sq. regression plane for any 
other variable $<, in which case of course $< takes the place of the 
dependent variable, while all the remaining variables $i, . . ., $f-i, 
• -t S» regarded as independent. 

For the regression eoeffieients^) /9, we have here used a notation 

*) Oftaa also called partial regrtuion eo^ffieients. 
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introdaced by Tole (Bef. 251). Each ^ has two primary sulaeripts 
followed by a point, and then n — 2 secondary subscripts. The first 
of the primary subscripts refers to the dependent variable, and the 
second to that independent variable to which the coefficient is at¬ 
tached. Thus the order of the two primary subscripts is essential. 
The secondary subscripts indicate, in an arbitrary order, the remaining 
independent variables. — Sometimes, when no misunderstanding seems 
possible, we may omit the secondary subscripts. 

In order to determine the regression coefficients, we differentiate 
the expression (23.2.2) with respect to each of the n — 1 unknown 
coefficients /9, and then obtain the n —I equations 

^11 Af A»» ” ^11» 

At A# ‘ An = ^i» 


XnaAl + Aa ^-+ ^nA« “ ^nl, 


where we have omitted the secondary subscripts, thus writing pik 
instead of the complete expression A^^ as... a-i.ik+i . .n. The deter¬ 
minant of this system of equations is the cofactor of An in the 
determinant ji |. 

Let us first suppose that the js distribution is non-singular (cf 22.5). 
The moment matrix A and the correlation matrix P are then definite 
positive, so that > 0, and by (11.8.2) our equations have a unique 
solution 

(23.2.3) 

-^n Pit 


By simple permutation of indices we obtain the corresponding ex 
pression 


(28.2.4) 


Ait _ _ Pit 

An Ok Pii 


for the coefficient §ik in the regression plane for St. The omitted 
secondary subscripts are here, of course, all the numbers 1, 2, . . ., ai 
with the exception of i and k, while the Ait and Pn are cofactors 
in A and P. 

In a non-singular distributiony the regression plane for each variable 
udth respect to all the others is thus uniquely determined^ and the re¬ 
gression corfficients are given by (23.2.4). — In the particular ease of n 
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uncorrelated variables, it follows that all regression coefficients are zero, 
since we have An for i k. 

Suppose now that the ^ distribution is singfular, with a rank r < n. 
We then may have An^Q, and accordingly some regression coef¬ 
ficients may be indnite or undetermined. As an example^ we may con¬ 
sider the case ^ 3. For a distribution of rank 2, the total mass is 
situated in a certain plane. As long as this plane is not parallel to 
one of the axes, it is then obvious that all three regression planes 
will coincide with this plane^ so that all regression coefficients are 
finite and uniquely determined. If, on the other hand, the plane is 
parallel to one of the axes, e. g. the axis of the two-dimensional 
marginal distribution of and will have its total mass confined 
to a straight line. Now the moment matrix of this marginal distribu¬ 
tion has the determinant and thus we have >iu=0. In this 

case, we may say that the regression plane for ly is parallel to the 
axis of § 1 , so that at least one of the regression coefficients . s and 
fiis i is infinite. — For a distribution of rank 1 or 0, on the other 
hand, the total mass belongs to a certain straight line or to a certain 
point. Each regression plane must then contain this line or point, 
but is otherwise undetermined. 

As in 21.6, we can show that the m.sq. regression plane (23.2.1) is 
also the plane of closest fit to the regression surface Xy = my (a?,, . . ^Tn), 

for all distributions such that the latter exists. If it is known that 
the regression surface is a plane, this plane must thus be identical 
with the m. sq. regression plane. 

Consider next a group of any number h < n of the variables say 
• -1 Sq’ /i-dimensional marginal distribution of these vari¬ 

ables has a moment matrix which is a certain submatrix A* of A, 
We can then form the regression plane of with respect to 
and the regression coefficients will be given by expressions analogous 
to (23.2.4), where An and An are replaced by the corresponding co- 
factors from the determinant A’^ = \A*\. — If, in particular, we 
consider the group of the n — 1 variables ^y, . . g+i, . . ., |}», 

we obtain 

(28.2.6) 

Ajjii 

where the omitted secondary subscripts are the numbers 1, 2, . . ., it, 
with the exception of i, j and k, while Ajj.ik is the cofactor of Itk 
in Ajs (cf 11.5.3). 
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233. RMiduals. — Suppose The difference 

(23.3.1) 1?1 • M« 5i - A. gf- A« !».» 

where the refirression coefficients A* <ure gfiren by (23.2.3), may be 
considered as that part of the variable ^i, which remains after sub¬ 
traction of the best linear estimate of Si terms of St* • • -i $»• 
This is known as the residual of with respect to St^ • • •> fn. 

The residual is uncorrelated with any of the * subtracted^ variables 
We have, in fact, introducing the expressions of the Ab* 


(23.3.2) 


171 • M . .. n = 2 ^ 


Hence E (i?i. 28 ...ii) = 0, and 


(23.3.3) E(Sifji.t» — n) = ~ I -^11 * 

[ 0 for t = 2, 3,..w. 

It follows that the residual variance Oi. 2 s .. n == (i?i • 23 .. n) is given by 


(23.3.4) 


Ol. 28 . . . n — • 23 . . . n) — 



and farther that the two residuals r)i.>it...n and are uncor¬ 
related, provided that all subscripts of the latter occur 

among the secondary subscripts of the former. 

The residual variance ai. 23 ...n may, of course, be regarded as a 
measure of the greatest closeness of fit that may be obtained when 
we try to represent gj by a linear combination of g„ . . ., Sn- — In 
the case w == 2, the expression (23.3.4) reduces to 2 == rf(l ~ P*)) in 
accordance with (21.7.2). 


23.4. Partial correlation. — The correlation between the variables 
gi and St is measured by the correlation coefficient Pi„ which is some¬ 
times also called the total correlation coefficient of Si &nd St- Si s»nd 
Si are considered in conjunction with w — 2 further variables Stf • • -i Sn 
we may, however, regard the variation of Si s^nd St s*s to a certain 
extent due to the variation of these other variables. Now the residuals 
• 84 ...n and 1 ^ 2 • 84 . . .n represent, according to the preceding paragraph, 
those parts of the variables St a.nd g| respectively, which remain after 
subtraction of the best linear estimates in terms of ggi • • ^kus 
we may regard the correlation coefficient between these two resi- 
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duals as a measure of the correlation between and after re- 
momi of any part of the variation due to the influence 0 / S*, . . 

This will be called the partial congelation coefficient of and §„ with 
respect to fn, and will be denoted by ^ 12-34 .. w. Here the order 

of the subscripts is, of course, immaterial for primary as well as for 
secondary subscripts. — We thus have 


(23.4.1) 


Qn • 34.. u 


(^1 • 34 . . ■ n • 84 ■ . n) 

„)E(lj5.34...n) ’ 


This expression beingf an ordinary correlation coefficient between two 
random variables, we must have — 1 ^ ^12 - 34 . . n ^ 1 . 

The residuals 171.34 .. n and 172-34 n may be expressed in a form 
analogous to (23.3.2), if we make use of the expression (23.2.5) for the 
regression coefficients in a group of « —• 1 variables. We then obtain 
the two following relations analogous to (23.3.4) 


E (f)l .3i . . .n) = E (5l *71 • 34 


Avi • n ^11 • 2‘i 


^11 . 22 

and further 

1 

(<7l -34 . . .» 172 -34 . . n) == -Elfi 172- 84 . . . n) = - -y, A \\ .2* = 

-^11 • 22 “ 


-^11 • 22 


Inserting these expressions in (23.4.1) we obtain the simple formula 

■^n_-Pii 


(23.4.2) 


9ia • 84 ... ?i — — 


y 


VPnP., 


By index permutation we obtain an analogous expression for the partial 
correlation coefficient of any two variables Si respect to 

the n — 2 remaining variables. 

It is thus seen that any partial correlation coefficient* may be ex- 
pressed in terms of the central moments or the total correlation 
coefficients Qik of the variables concerned. Thus we obtain, e. g., in 
the case n == 3 


(23.4.3) 


. gii — ein eu _ 


In the particular case of n uncorrelated variables, it follows from 
(23.4.2) that all partial correlation coefficients are, like the corresponding 
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total correlation coefficients, equal to zero. We thus have, e. g., 
^1134... n = ^11 = 0. As soon as there is correlation between the vari¬ 
ables, however, ^12 34 n is in general different from It is, e. g., 
easily seen from (23.4.3) that and ^ 12.3 may have different signs, 
and that either of these coefficients may be equal to zero, while the 
other is different from zero. 

When all total correlation coefficients Qit are known, the partial 
correlation coefficients may be directly calculated from (23.4.2) and 
the analogous explicit expressions obtained by index permutation. 
The numerical calculations may be simplified by the use of certain 
recurrence relations, such as 


(23.4.4) 


P12 • 34 . . . n = 


p l2 34 . . . fi-1 “2.?* "‘ ** - ■ n-1 P2n S4 . ■ . n- 1 
l'^(l — pln -34 . . n-l)(l — ^2 n • 34 . . . n~l) 


(cf Ex. 11, p. 319), which shows an obvious analogy to (23.4.3). By 
this relation, any partial correlation coefficient may be expressed in 
terms of similar coefficients, where the number of secondary subscripts 
is reduced by one. Starting from the total coefficients p/t, we may 
thus first calculate all partial coefficients Qtj k with one secondary 
subscript, then the coefficients Qij-ki with two secondary subscripts, etc. 

Further, when the total and partial correlation coefficients are 
known, any desired residual variances and partial regression coefficients 
may be calculated by means of the relations (cf Ex. 12—13, p. 319) 

Ui. 23 . . . n = Ol ( I — ^Js) (1 — Pl3 • 2 ) (1 — ^14 • 2i) . . . (1 — pi n • 23 . . . n-l), 

(23.4.5) 

« . 34 . . n 

pn • 34 . . . n — P12 • 34 . . . n-’ 

<^2 • 84 . . . n 


and the analogous relations obtained by index permutation. It will 
be seen that these relations are direct generalizations of (21.6.9) and 
(21.6.10). — From the last relation we obtain - 

(23.4.6) P12 • 84 . . . n = /?13 • 34 . . . TI ^21 • 34 . . . n 


23.5. The multiple correlation coefficient. — Consider the residual 
defined by (23.3.1) 

111 • 23 . . . n 5i fti §1 • ^1 n fn == fi f 1, 

where f* == fiitU -'+ » Sn is the best linear estimate of Si terms 

of ft) • > in- It is easily shown that, among all linear combinations 
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If. • • •> it is 5? that has the maximum correlation with as 
measured by the ordinary correlation coefficient. The correlation coef¬ 
ficient of the variables and thus be regarded as a measure 

of the correlation between on the one side, and the totality of all 
variables on the other. We shall call this the multiple cor- 

relation coefficient between and . . ., Jn), and write 


(23.5.1) 


(>I{23 ...»») 


\'Elr,)E(iV) 


By (23.3.3) wnd 
instead of rji . 03 


(2.3.3.4) we have, however, writing for simplicity 




Vi 


and thus 
(23.5.2) 




A 




By (11.10.2) we have A,, so that E(|, 5*)c?0, and 

0 ^ ( J.M , . . m) $5 1. 


When 9l^2u n) 1, the variable is ^almost certainly equal to a 
linear combination of This means that the total mass of 

the joint distribution of all n variables is confined to a certain hyper¬ 
plane in R„y so that the distribution is singular, and we have A P — 0, 
in accordance with (23..5.2). On the other hand, for a non-singular 
distribution it follows from the development (11.5.3) that we have 


Vi . u) - 


'* i.k=2 


^11 • a Pi I pi A, 


where the sum in the second member is, by 11.10, a definite positive 
quadratic form in the variables p,,. . . ., pi„. Thus 91(33. .n) = 0 when 
and only when p,s = = pi« = 0 i. e. when is nncorrelated with 

every for i — 2, 3, . . ., n. 

For the numerical calculation, it is convenient to use the relation 
(cf Ex. 13, p. 319) 

(23.5.3) (,>! 1 - . 
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33.6. Orthogonal mean square regression. — The orthogonal m. sq. regression 
line iotrodnced in 21.6 may be generalised to any number of variables. A hyper- 
plane H passing throngb tbe centre of gravity m = 0 of our n-dimensional distribu¬ 
tion bos tbe equation 

Pi + = 

where Pu . . denote the generalized direction cosines of the normal to the plane, 
so that S /?* = 1. The square of the distance between H and the point * — 
is d* = (S Pi I,)*. Let us try to find H such that the mean value E (d’) becomes as 
small as possible. If such a hyperplane H exi.st8, it will be called an orthogonal 
tn.sq. regre88ion plane of the distribution (cf K. Pearson, Ref. 183 a). 

For a distribution of rank less than n, the problem is trivial, since tbe whole 
mass belongs to a certain hyperplane H, which must then yield the value E [J}) — 0. 
We may thus suppose that the «distribution is non singular, which by 11.0 implies 
that the characteristic numbers of the moment matrix A are all positive. Let a’o 
denote the smallest of the characteristic numbers, and let be a solution of 

tbe homogeneous system 

(All — ^o)ai + Aijtta I • • • 1 = 0. 

Ati «i -t- U,2 — Xo>«2 ^ • • • b 

«i ^ ‘ 0, 

where the are not all e<jual to zero. By 11.8, such a solution certainly exists, 
since — ;^o/1 — 0. Further, we may obviously suppose S L Then the 
hyperplane Hq with the equation 2«/^, = 0 has the required properties. I..ct, in fact, 
do denote the distance from tbe point x to while d is the distance to any other 
hyperplane S Pf — 0- We then have, writing — rt, and bearing in mind 

that Z af = S ~ 1, 

E{jP)= 4--r*) 

i.k 

\ ^2 hk + 2 2 Zi I A,, + 2 A,* z, z^ 

\ i.k i I i.k 

= E'dl) -f 2 ;ro i «,■ + 2 A, Zi Zf^ 

^ i i. k 

= E + id (A^ jj, ” *0 Zf Zf^, 

i.k 

where the 8^. are the elements of the unit matrix /. Since Xq is the smallest char 
octeristic number of A, the matrix A — >foI is by 11.10 non-negative, and thus we 
have jB(d*) ^ E{dl]. 

It can further be shown that, if x© is a simple root of the secular equation of 
A, the orthogonal regression plane found in this way is unique, whereas if x^ 
is a multiple root, there are an infinity of planes with tbe required properties. 

These results become intuitive, if we remember that, by (11.9.6), the reciprocal 
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matrix A~^ haa tbe characteristic numbers , bo that the 8<|uares of the principal 

axes of tbe concentration ellipsoid (22.7.1) are proportional to the numbers This 
shows that the orthogonal m.stj. regression plane is orthogonal to the smallest axis 
of the concentration ellipsoid, and is thus determinate or indeterminate, according as 
this smallest axis is unique or not. 

We can also define a straight line L of closest fit to the distribution, by the 
condition that £(6*) should be a minimum, where d denotes the shortest distance 
between L and a point x. It can be shown that this line coincides with the greatest 
axis of the concentration ellipsoid. 


CHAPTER 24. 


The Normal Distribution. 


24.1. The characteristic function. — As in the two-variable case 
(21.11 and 21.12), we introduce first the c. f. of the normal distribu¬ 
tion. Let 

. 

j. * 

denote a non-negative quadratic form in t --- (f^, . . ., /„), while 
m “ (m,, . . ., m„) is a real vector. IIV shall then show that the function 


(24.1.1) 


(p(t) 


t E ^ 

tn)-- C J 


is the c.f. of a certain distrihution in R„. 'J'his distribution wilt be 
called a normal distribution. 

Before proceeding to the proof of this statement, which will be given 
in the two following paragraphs, we shall make some introductory 
remarks. — In matrix notation (cf 11.2 and 11.4), the expression 

(24.1.1) of the c.f. may be written 

(24.1.2) = «, 

The development (22.4.1) shows that the quantities mj and a,* have 
here their usual signification as mean values and second order central 
moments. By (22.4.3), it further follows that any marginal distribution 
of a normal distribution is itself normal. 

If the moment matrix A = \kjk\ is a diagonal matrix, the c. f. 
(24.1.1) breaks up into a product (f i(ti) . . . <pn(tu), where each factor 
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is the c. f. of a one-dimensional normal distribution. Thus n uncor- 
related and normally distributed variables arc always independent. 

As in the two-variable case, we shall have to disting’uish two cases, 
according as the non-negative form Q is definite or semi-definite. 
Obviously we may suppose throughout that m — 0, since this only 
involves the addition of a constant vector to the variable jt — (5,,. . J,,). 

We use the same notations for moments, correlation coefficients etc. 
as in the preceding chapters. 

24.2. The non-singular normal distribution. — If the quadratic 
form Q is definite positive, the reciprocal form exists, and we 
have (cf. 11.7) 

J.A 

. 

(Since the moment matrix A is symmetric, we are entitled to write 
Ajk instead of Akj) By (11.12.1 b) we then have 


1 f tftjxj-hr'u,. 

“; r 

(2 tt ) '^ y"yl R„ 


dx^ . . . dx„ 




This shows that the function 

- . I — 

{27z)- y ^ 


(2 Tty a, .. On VP 
is a probability density in R,,, with the c.f. 

(24.2.2) 9>(t) = c 

Substituting in (24.2.1) Xj—mj for Xj, we obtain the fr. f. of the 
general non singular normal distribution in K«, the c. f. of which is 
given by (24.1.1). For this distribution, the family of hoinothetic 
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(24.2.1) 
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ellipsoids 2 ““ ~ generated by the concentra- 

^ ^ j, k 

tion ellipsoid (22.7.1) are equiprohahility surfaces, the fr, f. being on one 
of these surfaces proportional to e”"* (cf Ex. 15, p. 319). 

24.3. The singular normal distribution. — When the non-negatire 
form Q is semi-definite, no reciprocal form exists, and the expression 
(24.2.1) for the fr. f. becomes indeterminate. As in the two-dimensional 
case (cf 21.12) we find, however, that the function gp(f) == 
may be represented as the limit of a sequence of functions of the 
same type, but with definite forms Q^. (We may, e. g., take 
== <? ft 2 f,->■ 0.) By the continuity theorem of 10.7, 

it then follows that the corresponding non singular normal distribu¬ 
tions tend to a limiting distribution, and that (p[t) is the c. f. of 
this limiting distribution, which will be called a sinffuhir normal 
(listrihution. 

If the rank of the semi-definite form Q is denoted by we have 
r < w, and the moment matrix A of the variables Jj, . . ., has the 
same rank r. It then follows from 22.5 that the total mass of the 
distribution is confined to a certain linear set Lr of r dimensions. 
Further by 22.(5 the variables 5,, . . . ., may with a probability equal 
to I be expressed as linear functions of r uncorrelated variables 
i^i, . . ., rjr, which are themselves linear functions of the Ej. Now it 
will be shown in the following paragraph that any linear functions 
of normally distributed variables are themselves normally distributed, 
and by 24.1 we know that uncorrelated normally distributed variables 
are always independent. Hence we deduce the following theorem: 

If flic n uariahles 5i, . . ., are distributed in a normal distrihutiorc 
of rank ?*, they can tvith a prohahility equal to 1 be expressed as linear 
functions of r indepeyulent and normally distributed variables. — Ob¬ 
viously this theorem holds true also for r = n. 

24.4. Linear transformation of normally distributed variables. — 

The expressions normal distribution and normally distributed variables 
will in the sequel always be understood so as to include singular as 
well as non-singular distributions. 

Let the variable *==(?,,..., f„) have a normal distribution in R,„ 
such that m = 0. By the linear transformation (22.6.1), we introduce 
a new variable y — (i;,, . . ., i;^), where m is not necessarily equal to n. 
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In matrix notation we then have y « Cx, where C» Cmn. Between 
the moment matrices A and M ot x and y, we have by (22.6.2) the 
relation CAC\ which holds even when m 0. 

We shall now try to find the c. f. of y. By (24.1.2). the c. f. of 
X is in matrix notation 

q>(t)=-E (ei •*) = c-i 


If we replace here t by a new variable u by means of the contra- 
j^redient substitution t = C! u, we obtain according^ to (22.6.3) the 
c. f. V^(w) of y. We thus have 

V^(if) = E(e» «'y) = e~i ^A C'u = c^iu'Mu, 


The last expression is, however, the c. f. of a normal distribution in 
Hw, with the moment matrix M. Thus an if number of linear functions 
of normally distributed variables are themselves normally distributed. — 
The remark of 24.1 that any marginal distribution of a normal distri* 
bution is itself normal, is included as a particular case in this pro¬ 
position . 

24.5. Distribution of a sum of squares. — In 18.1, we have stu- 

n 

died the distribution of the sum 2^*’ independent 

1 

and normal (0, 1). This is the distribution with n degrees of free¬ 
dom, and the fr. f. of 2 S' function A:»(x) defined by (18.1.3). 

On a later occasion (cf 30.1—30.3), we shall require the distribu¬ 
tion of 2^1 in the more general case when fi, . . are normally 

distributed with zero means and a moment matrix A, the characteristic 
numbers (cf 11.9) of which are all equal to 0 or 1. Suppose that p 
of the characteristic numbers are 0, while the n~p others are 1. 
Then we may find an orthogonal transformation y = Cx replacing 
the old variables x = (fj, . . 5») by new variables y = ( 1 ;^, . . ., rj,,). 

such that the transformed moment matrix M^CAC' is a diagonal 
matrix with its n—p first diagonal elements equal to 1, while the p 
others are 0. This implies, however, that the new variables ?7i,.. ., 
are independent and normal (0, 1), while fj„ have zero 

means and zero variances, and are thus with the probability 1 equal 
to zero. Hence we have with the probability 1 
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n n M-p 

111 

n 

Thus 2?* distributed as the sum of the squares of n—p hide- 
1 

n 

pendent variables that are normal (0, 1), i.e, has the x* distribution 

1 

with n—p degrees of freedom, and the fr.f 1 ck-p[x). 

We finally consider the still more general case of a sequence of 
variables x\ x\ . . ,, such that the distribution of the general term 
x^(^i,..., In) tends to a normal distribution of the type considered above. 
Applying 10.7 and the multi-dimensional form of (7.5.9) to the c. f. of 

n n 

2 it then follows that, in the limit, the sum of squares 2 ® 

1 1 

X* distribution with n — p degrees of freedom. 


24.6. Conditional distributions. — Let |i, . . he n variables 
having a non-singular normal distribution with m = 0, the fr. f. of 
which is given by (24.2.1). The conditional fr. f. of a certain number 
of the variables, when the remaining variables assume prescribed 
values, is given by an expression of the form (22.1.1), and it is easily 
seen that in the present case this is always a non-singular normal fr. f. 
We shall treat as examples the conditional distributions for one and 
two variables. 

One variable. — The conditional fr.f. of ||, relative to the hypo¬ 
thesis ^xi for t = 2, , . n, is by (22.1.1) 


/(x, I x„ . . X,) = 




•00 


= Ae 
^Be 


where A and B are independent of but may depend on a?|, . . ., Xn.. 
Now we know that the last expression is a fr. f. in Xi, and it follows 
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that we must have J5 = 1 / , so that the conditional distribution 

Y 27tA 

of is a normal distribution with the variance and the mean 

/ \ -^It A\n 

(^*1 • • •' ^ ‘ ‘' "z 

^11 ^11 

where the fiiB are the regression coefficients given by (23.2.3). Thus 
the regression is linear, and accordingly (cf 23.2) we find that the 
regression surface for the mean of 5i coincides with the m.sq. regres¬ 
sion plane. We further observe that the conditional variance is 

-^11 

independent of Xf,...,Xny and is equal to the residual variance 
jB(i?i- 23 ...w) as given by (23.3.4). 


Two variables. — The conditional fr. f. of 5i 5, is 


/(x„x,|x„-x.)= — 




/ /* *'* dx^dx^ 


—^(.4,,**+2>l„ *,*,+ .!« *3) +l)jr,+ Ear, 

= O € 

where (7, D and E are independent of x^ and x,. We now introduce 
three quantities and r defined by the expressions 


,1 _ -^11 

^ ■ 


VAll 


We then obtain by (11.7.3) 


A\\ Aw-’i 


(1 ^*)^J -^11-^21 


and in a similar way 


(l~r*)6*: A 


r ^ Alt 
(l-r*)^,^, A 


so that 
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jUn*! + 2^1,,®,*, + ,!„*;) = 


1 _ _ 2rXf X f 

'l-'r-U; '^sir 


Comparing^ this with the expression of the two-dimensional normal 
fr. f. given in 21 . 12 , we find that the conditional distribution of St 
and is a non-singular norm'al distribution with ^he conditional 

rariances and , and the conditional correlation coefficient 

-ill.2a -^ii-aa 

:— jAjL —• We observe that all these three quantities are indepen- 

yAn Aft 

dent of , Xn. The variances are identical with the variances of 

the residuals 171 . 34...n and r }2 Z4...n studied in 23.4, while the condi> 
tional correlation coefficient is identical with the correlation coefficient 
of these two residuals, or the partial correlation coefficient pi 2 S 4 ...« 
as given by (23.4.2). For the normal distribution, the latter coefficient 
has thus the important property of showing not only the correlation 
between the residuals but, moreover, the correlation between Si 
Si for any fixed values of Sty • • •> $n. 


24.7. Addition of independent variables. The central limit theorem.. 
— The sum of two n-dimensional random variables x = (fj, . . ., ?n) 
and y = (i;,, . . ., i?n) is defined as in the two-dimensional case (cf 21.11), 
by writing * + y = (§i + i?i, . . ., gn + rjn)^ As in 21.11, it is proved 
that the c. f., of a sum of independent variables is the product of the 
c.f:s of the terms. 

The expression (24.1.1) for the c. f. of the normal distribution 
further immediately shows that the sum of any number of normally 
distributed and independent variables is itself normally distributed, as 
proved for the one-dimensional case in 17.3. 

In 21.11, we have considered a sum of a large number of indepen¬ 
dent two-dimensional variables, all having the same distribution. We 
have proved that, if the sum is divided by the square root of the 
number of terms, the distribution of this standardized sum tends to 
a certain normal distribution, as the number of terms tends to in¬ 
finity. A straightforward generalization of the proof of this theorem 
shows that the theorem holds for variables in any number of dimen¬ 
sions. — This is the generalization to n dimensions of the Lindeberg- 
L4vy theorem of 17.4, and thus forms the simplest case of the 
Central Limit Theorem for variables in jRn. The general form of this 
theorem asserts that, subject to certain conditions, the sum of a large 
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number of independent n-dimeneional random variables is asymptotically 
normally distributed. — The exact conditions for the validity of the 
theorem, in the general case when the terms may have unequal dis- 
tributions, are rather complicated, and we shall not go further into 
the matter here. A fairly general statement will be found in Cramer, 
Ref. 11, p. 113. 


Exercises to Chapters 21 — 24 . 

1 . ^ aud 1 / are two variables with lioite second order moments. Show that 
when'and only when the variables are nncorrelated.% 

3. Let <Pt{t) and (p{t) denote the c. f:s of rj, and { + 17 respectively. It 

has been shown in 16.13 that *p{t)^ when | and 17 are independent. Con¬ 

versely, if we know that tp (t) = q>i (f) ip^ (f) for all t, does it follow that ^ and rf are 
independent? — Consider the fr. f. /(jt, y) ~ i[1 + ry (x* — y*)], (| a* | < 1, | y | < 1), and 
show by means of this example that the answer is negative. 

3. Consider the expansion (21.3.2) for the c. f. of a two-dimensional distribution. 
Show that, if the distribution has finite moments of all orders, this expansion may 
be extended to terms of any degree in t and tt. Use this expansion to show that, 
for the normal distribution, any central moment of even order t-f ^ = 2 n is 

/lifc! 

equal to the coefficient of «* in the polynomial - (y»o ^ + 2 ,Mii tu r- 

2 n ! 

4. The joint distribution of ^ and y is normal, with zero mean values and the 
correlation coefficient g. Show that the correlation coefficient of and 17 * is p’. 

5. Consider two variables ^ and 17 with a joint distribution of the continuous 
type, and let y(f,«) denote the joint c. f. Using the notations of 21.4, we then have 

qo 05 00 ‘ 

(frtw)«-o ^ J ^ j f ^ ^I ^ ^ 

—00 —00 —00 


Conversely, there is a reciprocal foruiul.*i analogous to (10.3.2': 


E (» 7 » 11 =■■ x) — 


1 


2 n *’* /i (.r> 


. ,U, 


if the last integral is absolutely convergent. Use this result td deduce the properties 
given in 21.12 of the conditional mean and the conditional variance of the normal 
distribution. 


6 . We use the same notations as in the preceding exercise, and suppose that 7| 
is never negative. Tf the integral 


00 



— 'At 
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it uniformly convorgont with respect to it represents the fr. f. p(*) of the ▼nriable 

(Oenemlisntion of Oramer, Ref. 11, p. 46, who gives the proof for the partienlar 

case when ^ nnd ^ are independent.) Use this resnlt to deduce the distributions of 
18.3 and 18.8, and generalise Student’s distribution to the case when the variable $ 
in (18.2.1) is normal (m,a), where m f^O (the «non*centnil» f-distribution). 

7. Find the necessary and sufficient conditions that three given numbers pit. 
Pit and ptt may be the correlation coefficients of some three-dimensional distribution. 
Find the possible values of c in the particular ease when pit» Pit ”” Pts f > 

8. Each of the variables x, y and z has the mean 0 and the s. d. 1. The vari¬ 
ables satisfy the relation ax 4* + cr » 0. Find the moment matrix ^4, and show 
that we must have o* + 6* *f c* ^ 2 (o* 6* + a* c* -f b* c*). 

9. A certain random experiment may produce any of n mutually exclusive events 


£i,..., £}i, the probability of Ej licing pj > 0, where 5- Pj ** 1. In a series of X 


repetitions, Ej occurs Vj times, where £ » AT. Show that the probability of this 

N\ 

result is —:-: p*»... pi" • The joint distribution of Vi,..., vn defined by these 

Vil...yiir» 

probabilities is a generalisation of the binomial distribution, known as the multinoniiat 
diitrihution. Show that for this distribution mj « E{yj) ** Npj, Xjj — E{vj — Npj)* ** 
iVp^(l — pp, Xjii"^E ({vj — Npj) — ATp^)) « ~ Xpjpji.. For the moment matrix we 
have -i ■» 0 and pi Pt... pn 0, so that the rank of the distributiofi is n — 1. 

n 

in accordance with the relation £ between the variables. 


Show that Pit 


-)/F. 


PlPt 


and 


^19-34 


Pi) (I - Pi) 

,-,-l/ZI. . —ZZI 

■’ r (i-pi-pi-■■■-pj)(,i-pt-pi~ ■■■ 


■Pj) 

for j *> 8 ,..., n. 

Show further that the joint c. f. of the variables jr,- == ^ is p (fi,. 

_a 

-iVnztjVpj yf 


.<») = 




As X-* 00 , tp tends to the limit 


This is the c. f. of a normal distribution in Rn . Show that this distribution is of 

n 

rank n — 1, and that the variables satisfy the relation £ ^j^Pj ** Pit and 

1 


P|1-S4...i. 
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Exercises 


10. Take in the multinomial distribution pj » for j ^ 
+ ^n-l 


^1 + 


if 

Poisson distribution). 


Investigate the limiting distribution o.s A 


1 ,..n — 1 , and 

00 (multidimensional 


11. Show that the residual Vi.23.. n <^ciined by (28.3.1) may also ))e interpreted 

as the residual of the variable Vi .23 ..n~i respect to the single variable 

'/n-33 n-r means of this result, the formula (23.4.4^ for the partial 

correlation coefficient may he deduced from (23.4.31 

12. Use the result of the preceding exercise to prove the relation 

^('^1-23. . 11 ) ~ ^(^1*23 . . n-l) Pln-2'J . . . ii-l). 

This shows that the representation of by*means of a linear combination of 
- improved by including also the further variable when and 

only when P,„.23 .. . n-i ^ 

13. Prove the relations (23.4.5) and (23.6.3). 

14. i; se the continuity theorem 10.7 to prove the following proposition; If a 
sequence of normal distributions in converges to a distribution, the limiting 
distribution is normal. (Note that, in accordance with 24.4, the expression ^normal 
distribution* includes singular as well as non singular distributions.') 


15. The variables have a non-singular normal distribution, with the 

mean values r;)j,...,in„ and the moment matrix A. Use (11.12.3) and the final 
remark of 24.2 to show that the variable 


''“2 

has a /’-distribution with n degrees of freedom, the fr. f. being given by (18.1.3). 

16. ..., are independent and normally distributed variables, all having the 

same s. d. a, while the mean values may be different. New variables r/p..., 17,1 are 
introduced by an orthogonal transformation. Show by means of 24.4 that the are 
independent and normally distributed, all having the same s. d. o as the 
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THIRD PART 


STATISTICAL INFERENCE 




Chapters 25 - 26 . Generauties. 


CHAPTER 25. 

Preliminary Notions on Sampling. 

25.1. Introductory remarks. — In accordance with our general 
discnssion of principles in Chs 13—14, the whole theory of random 
variables and probability distributions developed in Part JI should be 
considered as a system of mathematical propositions designed to form 
a model of the statistical regularities observed in connection with 
sequences of random experiments. 

As already pointed out in 14.6, it will now be our task to work 
out methods for testing the mathematical theory by experience, and 
to show how the theory may be applied to problems of statistical in¬ 
ference. — These questions will form the subject matter of Part III. 

Among the sets of statistical data occurring in practical applica¬ 
tions, we may distinguish certain general classes which, in some ways, 
require difEerent types of theoretical treatment. In the present chap¬ 
ter, we shall give a few brief indications concerning some of the most 
important of these classes. — The following chapter will be devoted 
to a preliminary survey of questions of principle connecte'd with the 
testing and applications of the theory. 

25.2. Simple random sampling. — Consider a random experiment 
(S, connected with a one-dimensional random variable J. If we make 
n independent repetitions of C£, we shall obtain a sequence of n ob¬ 
served values of the variable, say Xg, . . ., Xn. 

A sequence of this type, forming the result of n independent re¬ 
petitions of a certain random experiment, is representative of a simple 
but fundamentally important class of statistical data. With respect 
to data belonging to this class, we shall often use a current termino¬ 
logy derived from certain particular fields of application, as we are 
now going to explain. 

Consider a random experiment of the following type: A certain 
set containing a finite number of elements is given, and our experi- 
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ment consists in choosing at random an element from the set, observing 
the value of some characteristic $ of the element, and then replacing 
the element in the set. It is assumed that the experiment is so ar¬ 
ranged that the probability of being chosen is the same for all ele¬ 
ments. — Using expressions borrowed from the statistical study of 
human and other biological populations, we shall talk of the given 
set as the parent population^ and of its elements as members or indivi¬ 
duals (cf 13.3). The group of individuals observed in the course of n 
repetitions of the experiment @ will be called a random sample from 
the population, and the sampling process thus described will be denoted 
as simple random sampling. 

Often we are not interested in the individuals as such, but only 
in the values of the variable characteristic $ and their distribution 
among the members. In such cases we shall find it advantageous to 
consider the parent populations as composed, not of individuals, but of 
values of A sequence of n observed values a:,, . . .. Xn will then be 
conceived as a random sample from this population of ^-values. Talking 
from this point of view, we may replace the parent population by an 
urn containing one ticket for each member of the population, with 
the corresponding value of § inscribed on it. The experiment (J will 
then consist in drawing at random a ticket, noting the value inscribed, 
and replacing the ticket in the urn. 

As there are only a finite number of tickets in the urn, the random 
variable $ will only have a finite number of possible values, so that 
its distribution will be of the discrete type (cf 15.2). By taking the 
number N of tickets very large, this distribution may, however, be 
made to approximate as closely as we please to any distribution given 
in advance, and when N tends to infinity the error involved in the 
approximation may be made to tend to zero. As a matter of illustra¬ 
tion, we may thus interpret any type of random experiment @ as the 
random selection of an individual from an infinite parent population 
(cf 13.3). We then imagine an urn containing an infinite number of 
tickets, on each of which a certain number is written, in such a way 
that the distribution of these numbers is identical with the distribution 
of the random variable $ associated with C^. Each performance of S 
is now interpreted as the drawing of a ticket from this urn, and a 
sequence . . ., Xn of observed values of $ is regarded as a random 
sample from the infinite population of numbers inscribed on the 
tickets. The values X|, . . ., x,i will accordingly be called the sample 
values. 
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It must be expressly observed that this extension of the idea of 
sampling to the case of an infinite po))ulation should be regarded as 
a mere illustration for the purpose of introducing a convenient ter¬ 
minology, and should by no means be taken to imply that conceptions 
such as the random selection of individuals from an infinite population 
form part of our theory. 

Bearing this reservation in mind we shall, however, often find it 
convenient to use the sampling terminology in the extended sense 
suggested above. A set of observed values of a random variable with 
a certain d. f. will thus often be regarded as a random sample 

from a population having the d^f. F(x) or, as we shall sometimes 
briefly say, a random sample from the distrihation corresponding to F(x). 

Whenever in the sequel expressions such as »sample ' or «samplings 
are used without further specification, it will always be understood 
that we are concerned with simple random sampling. 

All the above may be directly extended to the case of a random 
variable in any number k of dimensions. Every individual in our 
imaginary infinite population will then be characterized by a set of 
k numbers, and any sequence of observed values of the ^ dimensional 
random variable may be interpreted as a random sample from such an 
infinite' X-dirnensional population. 

25.3. The distribution of the sample. — Consider a se(|uence of it 
observed values a?,, . . Xn of a one-dimensional random variable ^ 
with the d. f. F(x). According to the preceding paragraph, we may 
regard x^, . . . ,, Xn as a set of sample values, »drawn ' from a popula¬ 
tion with the d. f. F(x). The sample may be geometrically re])resented 
by the set of n points x^ . . Xh on the u; axis. 

The distribution of the sample will then be defined as the distribu¬ 
tion obtained by placing a mass equal to l/n in each of the points 
.r,, . . ., Xn. This is a distribution of the discrete type, having n 
discrete mass points (some of which may, of course, coincide). The 
corresponding d. f., which will be denoted by F* (x), is a .step function 
with a step of the height l/n in each Xi. If we denote by v the 
number of sample values that are ^ a:, we evidently have 

(25.3.1) 

so that (x) represents the frequency ratio of the event ^ ^ .r in 
our sequence of n observations. 
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Obviously this distribution is uniquely determined by the sample. 
On the other hand, two samples consisting^ of the same values in 
different arrangements will give the same distribution. The distribu¬ 
tion determines, in fact, only the positions of the sample values on 
the x-axis, but not their mutual order in the sample. 

For the distribution thus defined, with the d.f. F*(x)^ we may 
calculate various characteristics such as moments, semi-invariants, coef¬ 
ficients of skewness and excess etc., according to the general rules for 
one-dimensional distributions given in Oh. 15. These characteristics 
will be called the moments etc. of the sample, as distinct from the 
corresponding characteristics of the distribution associated with the 
random variable 5 and the d. f. F(x), The latter characteristics will 
also be called the moments etc. of the population. 

Thus e. g. by 15.4 the v:th moment of the sample is 

00 

— 00 1 

i.e. the arithmetic mean of the v:th powers of the sample values, 

00 

while the corresponding moment of the population is Oy — J x‘*dF(x). 

— oo 

The above definitions directly extend themselves to samples from 
multi-dimensional populations. Suppose e. g. that we have a sample of 
n pairs of values (a^i, y,), . . ., (x», yn) of a two-dimensional random vari¬ 
able. This sample may be geometrically represented by the set of n 
points (x,, y,), . . ., (xn, yn) in a plane, and the distribution of the sample 
is the discrete distribution obtained by placing a mass equal to 1/n 
in each of these n points. For this distribution, we may calculate 
moments, coefBcients of regression and correlation, and other char¬ 
acteristics according to the general rules for two-dimensional distribu¬ 
tions given in Oh. 21. These are the moments etc. of the safnple as 
distinct from the corresponding characteristics of the distribution (or 
of the population). •— The extension to samples from populations of 
more than two dimensions is obvious. 

The distribution of a sample, as well as the moments and other 
characteristics of such a distribution, will play an important part in 
the sequel. In this connection, we shall use a particular system of 
notations that will be explained in 27.1. 
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25.4. The sample values as random variables. Sampling distri¬ 

butions. — In order to obtain a sample of n values of a one-dimeii' 
sional random variable with the d. f. F(x\ we have to perform a 
sequence of n independent repetitions of the random experiment (£ to 
which the variable is attached. This sequence of n repetitions forms 
a combined experiment, bearing on n independent variables o’,,, 

where Xi is associated with the e:th repetition of (£. The sample values 
aj,, . . Xn that express the result of such a combined experiment thus 
give rise to a combined random variable (.r,, . . Xn) in n dimensions, 
where the xi are independent variables, all of which have the same 
d. f. F{x). The values of a?» observed in an actual sample form 

an observed »value» of the tj-dimensional random variable (xi, . . ., .r,*). 

When the sample values are thus conceived as random variables, 
any function of Xj, . . rrn is by 14.5 a random variable with a distri¬ 
bution uniquely determined by the joint distribution of the./’/, i.e. by 
the d. f. F{x). Now any moment or other characteristic of the sample 
is a certain function . . ., Xn) of the sample values. Consequeni/y 
any sample characteristic gives rise to a random variable with a disfribih 
tion uniquely determined by F{x). 

If samples of n values are repeatedly drawn from the same popula¬ 
tion, and if for each sample the characteristic x^) is calcul¬ 

ated, the sequence of values obtained in this way will constitute a 
sequence of observed values of the random variable (a;,, . . ., j„). The 
probability distribution of this variable will be called the sampling 
distribution of the corresponding characteristic. 

These remarks are immediately extended to the case of samples 
from multi-dimensional populations. In the same sense as above, the 
sample values will here be conceived as random variables. Further, 
any moment, correlation coefficient or other characteristic of such a 
sample is a function of the sample values, and thus gives rise to a 
certain random variable, the distribution of which is uniquely deter¬ 
mined by the distribution of the population. This is the sampling 
distribution of the characteristic. 

Thus we may talk of the sampling distribution of the mean of a 
sample, of the variance, the correlation coefficient etc. The properties 
of sampling distributions of various important sample characteristics 
will be studied in Chs 27—29. 

25.5. Statistical image of a distribution. — As an example of the 
concepts introduced in the preceding paragraph, we consider the d. f. 
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Fig. 25. 8uin polygon for 100 mean temperatures (^Celsius) in Stockholm, June 1841—' 
1040, and normal distribution function. 

F^(x) of a one'dimensional sample, which bj (25.3.1) is a function of 
the sample values, containing^ a variable parameter x. As observed in 
25.3, F*(x) is equal to the frequency of the event $ ^ x in a sequence 
of II repetitions of ®. Now, by the definition of the d. f. F(a;) of the 
variable the event ^ ^ x has the probability F (x). Thus it follows 
from the Bernoulli theorem, as interpreted in 20.3, that F*(x) con- 
verg^es in probability to F(x), as n -*■ <». 

When n is larg^e, it is thus practically certain that the d. f. F*[x) 
of the sample will be approximately equal to the d. f. of the 
population. Consequently we may regard the distribution of the sample 
as a kind of statistical image of the distribution of the population. 
The graph y = (a:) of the step-function F* (x) is known as the sum 
polygon of the sample. For large values of n, this will* thus be ex¬ 
pected to give a good approximation to the curve y = F{x\ As an 
example, we show in Fig. 25 the sum polygon for a sample of 100 
mean temperatures in Stockholm for the month of June (cf Table 
30.4.2), together with the (hypothetical) normal d. f. of the corresponding 
population. 

In practice, samples from continuous distributions are often grouped. 
This means that we are not given the individual sample values, but 
only the number of sample values falling into certain specified class 
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Fig. 26. Histogram for the breadths of 12 000 beans, and freJinency curve according 
to Edgeworth’s series. The scale on the horizontal axis refers to a conventional 
numeration of the class intervals. 

intervals. We then take every class interval as the basis of a rectangle 

V 

with the height —where h is the length of the interval, while v 

denotes the number of sample values in the class. The figure obtained 
in this way is the histogram of the sample. The area of any rectangle 

V 

in the histogram is equal to the corresponding class frequency • 

For large n this may be expected to be approximately equal to the 
probability that an observed value of the variable will belong to the 
corresponding class interval, which is identical with the integral of 
the fr. f. f[x) over the interval. Thus the upper contour of the histo¬ 
gram will form a statistical image of the fr. f., in the same way as 
the sum polygon does so for the d. f. As an example, we show in 
Fig. 26 the histogram of the sample of 12 000 breadths of beans given 
ill Table 30.4.3, together with the (hypothetical) fr. f. of the corre¬ 
sponding population, according to the Edgeworth expansion (17.7.5). 

Analogous remarks apply to the distribution of a sample in any 
number of dimensions. Later on, we shall find that the same kind of 
relationship also exists between the various characteristics of the 
distributions of the sample and of the population. It will, in fact, 
be shown in 27.3 and 27.8 that, under fairly general conditions, a 
characteristic of the sample converges in probability to the corre¬ 
sponding characteristic of the population, as the size of the sample 
tends to infinity. In such cases, the sample characteristics may be 
regarded as estimates of the corresponding population characteristics. 
The systematic investigation of such estimates and their probabilititv 
distributions will, in the sequel, provide some of the most powerful 
tools of statistical inference. 
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25.6. Biased sampling. Random sampling numbers. — When we 
are concerned with a finite parent population, the idea of simple 
random sampling has a precise and concrete significance. We may 
always imagine an experimental arrangement satisfying the conditions 
for a random selection of individuals from such a population, with 
equal chances for all the individuals, even though its practical realiza¬ 
tion may sometimes be exceedingly difficnlt. In practice there will 
often be a bias in favour of certain individuals or groups of individuals, 
and accordingly we then talk of a biased sampling. Experience shows 
e. g. that such a bias is always to be expected when the selection of 
individuals from a population is more or less dependent on human choice. 

It does not enter into the plan of this book to give an account 
of questions belonging to the technique of random sampling^ such as 
the arrangements by which bias may be as far as possible eliminated. 
We shall only remark that in many cases it is possible to use with 
advantage some of the published tables of random sampling numbers. 
(Ref. 262, 263, 267.) Such a table consists of a sequence of digits 
intended to represent the result of a simple random sampling from a 
population consisting of the ten digits 0, 1, . . ., 9. By joining two 
columns of the table we may obtain a sequence of numbers formed 
in the same way from the population consisting of the 10’ numbers 
00, ..., 99, and similarly for three, four or any larger number of columns. 

Suppose that we want to use such a table to draw a random sample 
of 100 individuals from a population consisting of, say, 8183 mem¬ 
bers. The members are first numbered from 0000 to 8182. We then 
read a sequence of four-figure numbers from the table, disregarding 
numbers above 8182, and go on until we have obtained 100 numbers. 
Our sample will then consist of the members corresponding to these 
numbers. If the sampling is to be made without replacement (cf 25.7), 
we must also during the course of reading the numbers from the table 
disregard any number that has already appeared. 

The tables may also be used to obtain a sample of observed values 
of a random variable with any given d. f. F(x). Suppose that we dispose 
of a table of values of F(a;) that enables us, for every m-figure number 
r, to solve the equation JF(ar) = r • 10”" with respect to £rr. From our 
table of random numbers, we now read a sequence of m-figure num¬ 
bers r, and determine the sample values x such that the x corre¬ 
sponding to any r falls in the interval ar<x^ Ar-i-i- Thus we obtain 
in this way a grouped sample: the sample values are not exactly deter¬ 
mined, but the process yields the number of sample values belonging 
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to any interval [or, ar+i)» and it is seen that the probability for any 
sample value to fall in this interval has the correct value 

2^(ar+i) — = 10“*". 

The larger we take wi, the finer is the grouping and the more accurate 
the determination of the sample values. — Further discussion of the 
tables of random sampling numbers and their use will be found in the 
introductions to the tables and in two papers by Kendall and Babing- 
ton Smith (Ref. 137). 

25.7. Sampling without replacement. The representative method. 
— In practice, a sample from a finite population is often taken in 
such a way that a drawn individual is not replaced in the population 
before the next drawing. A sequence of drawings of this type has 
obviously not the character of repetitions of a random experiment 
under uniform conditions, since the composition of the population 
changes from one drawing to another. We talk here of samplhig 
without replacement, as distinct from simple random sampling, which 
is a sampling with replacement. When the population is very large, 
and the sample only contains a small fraction of the total population, 
it is obvious that the difference between these modes of sampling is \in- 
important, and in the limiting case when the population becomes infinite, 
while the size of the sample remains finite, the difference disappears. 

Sampling without replacement plays an important part in applied 
statistics. When it is desired to obtain information as to the charac¬ 
teristics of some large population, such a.s the inhabitants of a country, 
the fir-trees of a district, a consignment of articles delivered by a 
factory etc., it is often practically impossible to observe or measure 
every individual in the whole population. The method generally used 
in such situations is known as the representative method: a sample of 
individuals is selected for observation, and it is endeavoured to make 
the sample as representative as possible of the total population. The 
observed characteristics of the sample are then used to form estimates 
of the unknown characteristics of the total population. Usually in 
such cases samples are taken without replacement. The method of 
selection may be random or purposive’, in the latter case we deliberately 
choose the individuals entering into our sample in order to obtain a 
representative sample. Often also mixed methods are used. — For the 
theory of the representative method, we refer to Neyman, Ref. 161. 
Some simple cases will be considered in 34.2 and 34.4. 

331 



26.1-2 


CHAPTER 26. 

Statistical Inference. 

26.1. Introductory romarko. — It has been strong^ly emphasized 
in 13.4 that no mathematical theory deals directly with the things of 
which we hare immediate experience. The mathematical theory be¬ 
longs entirely to the conceptual sphere, and deals with purely abstract 
objects. The theory is, however, designed to form a model of a certain 
group of phenomena in the physical world, and the abstract objects 
and propositions of the theory have their counterparts in certain 
observable things, and relations between things. If the model is to be 
practically useful, there must be some kind of general agreement 
between the theoretical propositions and their empirical counterparts. 
When a certain proposition has its counterpart in some directly 
observable relation, we must require that our observations should, in 
fact, show that this relation holds. If, in repeated tests, an agree- 
inent of this character has been found, and if we regard this agree¬ 
ment as sufficiently accurate and permanent, the theory may be ac¬ 
cepted for practical use. 

In the present chapter, we shall discuss some points that arise 
when these general principles are applied to the mathematical theory 
of probability. We shall first consider the testing of the agreement 
between theory and facts, and then proceed to give a brief survey of 
the applications of the theory for purposes of statistical inference. 

26.2. Agreement between theory and facts. Tests of significance. 
— The concept of mathematical probability as defined in 13.5 has its 
empirical counterpart in certain directly observable frequency ratios. 
The proposition: »The probability of the event E in connection with 
the random experiment @ is equal to P» has, by 13.5, its counterpart 
in the statement denoted as the frequency interpretation of the prob¬ 
ability Ps which runs as follows: »In a long sequence of repetitions of 
(6, it is practically certain that the frequency of E will be approximately 
equal to P*. 

Accordingly we must require that, whenever a theoretical deduction 
leads to a definite numerical value for the probability of a certain observable 
event, the truth of the corresponding frequency interjyretation should be 
borne out by our observations. 
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Thus e. g. when the probability of an event is very small^ we must 
require that in the long run the event should occur at most in a very 
small percentage of all repetitions of the corresponding experiment. 
Consequently we must be able to regard it as practically certain that, 
in one single performance of the experiment, the event will not occur 
(cf 13.5). — Similarly, when the probability of an event differs from 
unity by a very small amount, we must require that it should be 
practically certain that, in one single performance of the corresponding 
experiment, the event will occur. 

In a great number of cases, the problem of testing the agreement 
between theory and facts presents itself in the following form. We 
have at our disposal a sample of n observed values of some variable, 
and we want to know if this variable can be reasonably regarded as 
a random variable having a probability distribution with certain given 
properties. In some cases, the hypothetical distribution will be com¬ 
pletely specified: we may, e. g., ask if it is reasonable to suppose 
that our sample has been drawn by simple random sampling from a 
population having a normal distribution with w = 0 and a = 1 (cf 17.2). 
In other cases, we are given a certain class of distrihutiom, and we 
ask if our sample might have been drawn from a population having 
some distribution belonging to the given class. 

Consider the simple case when the hypothetical distribution is 
completely specified, say by means of its d. f. F(x). Yft then have to 
tesf the statistical hypothesis that our sample has been drawn from a 
population i^ith this distribution. 

We begin by assuming that the hypothesis to be tested is true. It 

then follows from 25.5 that the d. f. F* (x) of the sample may be 

expected to form an approximation to the given d. f. F(x), when n is 
large. Let us define some non-negative measure of the deviation of 
F^ from F. This may, of course, be made in various ways, but any 

deviation measure B will be some function of the sample values, and 

will thus according to 25.4 have a determined sampling distribution. 
By means of this sampling distribution, we may calculate the prob¬ 
ability F[B> Dq) that the deviation D will exceed any given quantity 
Bq. This probability may be made as small as we please by taking 
Bq sufficiently large. Let us choose Bq such that P(/>>/V = e, 
where e is so small that we are prepared to regard it as practically 
certain that an event of probability e will not occur in one single 
trial. 

Suppose now that we are given an actual sample of n values, and 
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let us oaloulate the quantity D from these valnes. Then if we find a 
value D > Dqi this means that an event of probability b has presented 
itself. However, on our hypothesis such an event ought to be practically 
impossible in one single trial, and thus we must come to the conclusion 
that in this case our hypothesis has been diap'oved hy experience. On 
the other hand, if we find a value D ^ 1)^^ we shall be willing to 
accept the hypothesis as a reasonable interpretation of our data, at 
least until further experience has been gained in the matter. 

This is our first instance of a type of argument which is of a very 
frequent occurrence in statistical inference. We shall often encounter 
situations where we are concerned with some more or less complicated 
hypothesis regarding the properties of the probability distributions of 
certain variables, and it is required to test whether available statistical 
data agree with this hypothesis or not. A first approach to the pro¬ 
blem is obtained by proceeding as in the simple case considered above. 
If the hypothesis is true, our sample values should form a statistical 
image (cf 25.5) of the hypothetical distribution, and we accordingly 
introduce some convenient measure D of the deviation of the sample 
from the distribution. By means of the sampling distribution of 2), 
we then find a quantity Do such that P(D > Dq) = €, where b is deter¬ 
mined as above. If, in an actual case, we find a value D > Do, we 
then say that the deviation is significant, and we consider the hypo¬ 
thesis as disproved. On the other hand, when D ^ Dq, the deviation 
is regarded as possibly due to random fluctuations, and the data are 
regarded as consistent with the hypothesis. 

A test of this general character will be called a test of significance 
relative to the hypothesis in question. In the simple case when the test 
is concerned with the agreement between the distribution of a set of 
sample values and a theoretical distribution, we talk more specifically 
of a test of goodness of fit. The probability s, which may be arbitrarily 
fixed, is called the level of significance of the test. 

In a case when our deviation measure D exceeds the significance 
limit Do, we thus regard the hypothesis as disproved by experience. 
This is, of course, by no means equivalent to a logical disproof. Even 
if the hypothesis is true, the event D> Dq with the probability b 
may occur in an exceptional case. However, when b is sufficiently 
small, we feel practically justified in disregarding this possibility. 

On the other hand, the occurrence of a single value D ^ Do does 
not provide a proof of the troth of the hypothesis. It only shows 
that, from the point of view of the particular test applied, the agree- 
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ment between theory and observations is satisfactory. Before a sta¬ 
tistical hypothesis can be regarded as practically established, it will 
have to pass repeated tests of different kinds. 

Ill Chs 30—31, we shall discuss various simple tests of signifi¬ 
cance, and give numerical examples of their application. In Ch. 35, 
the general foundations of tests of this character will be submitted 
to a critical analysis. 

26.3. Description. — In 13.4, the applications of a mathematical 
theory were roughly classified under the headings: Descripliofif Anabysis 
and Prediction. There are, of course, no sharp distinctions between 
the three classes, and the whole classification is only introduced as a 
matter of convenience. We shall now briefiy comment upon some 
important groups of applications belonging to the three classes. 

In the first place, the theory may be used for purely descriptive 
purposes. When a large set of statistical data has been collected, we 
are often interested in some particular properties of the phenomenon 
under investigation. It is then desirable to be able to condense the 
information with respect to these properties, which may be contained 
in the mass of original data, in a small number of descriptive char¬ 
acteristics. The ordinary characteristics of the distribution of the 
sample values, such as moments, semi invariants, coefficients of re¬ 
gression and correlation etc., may generally be used with advantage 
for such purposes. The u.se of frequency-curves for the graduation of 
data, which plays an important part in the early literature of the 
subject, also belongs primarily to this group of applications. 

When we replace the mass of original data by a small number of 
descriptive characteristics, we perform a reduction of the data, according 
to the terminology of R. A. Fisher (Ref. 13, 89). It is obviously im¬ 
portant that this reduction will be so arranged that as much as pos¬ 
sible of the relevant information contained in the original data is 
extracted by the set of descriptive characteristics chosen. Now the 
essential properties of any sample characteristic are expressed by its 
sampling distribution, and thus the systematic investigation of such 
distributions in Chs 27—29 will be a necessary preliminary to the 
working out of useful methods of reduction. 

In most cases, however, the final object of a statistical investiga¬ 
tion will not be of a purely descriptive nature. The descriptive char¬ 
acteristics will, in fact, usually be required for some definite purpose. 
We may, e.g., want to com]>are various sets of data with the aid of 
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the characteristics of each set, or we may want«to form estimates of 
the values of the characteristics that we expect to find in future sets 
of data. In such cases, the description of the actual data forms only 
a preliminary stage of the inquiry, and we are in reality concerned 
with an application belonging to one of the two following classes. 

26.4. Analysis. — When a mathematical theory has been tested 
and approved, it may be used to provide tools for a scientific analysis 
of observational data. In the present case we may characterize this 
type of applications by saying that we are trying to argue from 
thv sample to the population. We are given certain sets of statistical data, 
which are conceived to be samples from certain populations, and we 
try to use the data to learn something about the distributions of the 
populations. A great variety of problems of this class occur in sta¬ 
tistical practice. In this preliminary survey, we shall only mention 
some of the main types which, in later chapters, will be more thor¬ 
oughly discussed. 

In 26.2, we have already met with the following type of problems: 
We are given a sample of observed values of a variable, and we ask 
if it is reasonable to assume that the sample may have been drawn 
from a distribution belonging to some given class. Are we, e. g., 
justified in saying that the errors in a certain kind of physical mea¬ 
surements are normally distributed? Or that the distribution of in¬ 
comes among the citizens of a certain state follows the law of Pareto 
(cf 19.3)? — In neither case the distribution of an actual sample will 
coincide exactly with the hypothetical distribution, since the former 
is of the discrete, and the latter of the continuous type. But are we 
entitled to ascribe the deviation of the observed distribution from the 
hypothetical to random fluctuations, or should we conclude that the 
deviation is significant, i. e. indicative of a real difference between 
the unknown distribution of the population and the hypothetical 
distribution? 

We have seen in 26.2 how this question may be attacked by means 
of the introduction of a test of significance. We then have to calculate 
a certain measure of deviation />, and in an actual case the deviation 
is regarded as significant, if D exceeds a certain given value Dq, while 
otherwise the deviation will be ascribed to random fluctuations. 

In other cases, we assume that the general character of the distri¬ 
butions is known from earlier experience, and we require information 
as to the values of some particular characteristics of the distributions. 
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SappoM, e. g., that we want to compare the effects of two different 
methods of treatment of the same disease, and let ns assume that for 
each method there is a constant probability of recorery. Are the two 
probabilities different? In order to throw light upon the problem, we 
collect one sample of cases for each method, and compare the two 
frequencies of recoTcry. In general these will be different, and we 
are facing the same question as in the previous case: Is the difference 
due to random fluctuations, or is it significant, i. e. indicative of a 
real difference between the probabilities? 

Similar, though often more complicated problems arise in many 
oases, e. g. in agricultural, industrial or medical statistics, when we 
want to compare the effects of various methods of treatment or of 
production. We are then concerned with the means or some other 
characteristics of our samples, and we ask whether the differences 
between the observed values of these characteristics should be ascribed 
to random fluctuations or judged to be significant. 

In such cases, it is often useful to begin by considering the hypo* 
thesis that there is no difference between the effects of the methods, 
so that in reality all our samples come from the same population. 
(This is sometimes called the null hypothesis) This being assumed, 
it will often be possible to work out a test of significance for the 
differences between the means or other characteristics in which we are 
interested. If the differences exceed certain limits, they will be regarded 
as significant, and we shall conclude that there is a real difference 
between the methods; otherwise we shall ascribe the differences to 
random fluctuations. 

This type of applications belongs to the realm of the statistical 
analysis of causes. Suppose, more generally, that we want to know 
whether there exists any appreciable causal relationship between two 
variables x and y that we are investigating. As a first approach to 
the problem, we may then set up the null hypothesis, which in this 
case implies that the variables are independent, and proceed to work 
out a test of significance for this hypothesis on the general lines 
indicated above. Suppose, e. g., that we are interested in tracing a 
possible connection between the annual quantities x and y of two 
commodities consumed in a given group of households. From a sample 
of observed values of the two-dimensional variable (x, y), we may then 
calculate e. g. the sample correlation coefficient r. In general this 
coefficient will be different from sero, whereas on the null hypothesis 
the correlation coefficient p of the corresponding distribution is equal 
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to zero. Is the difference significant, or should it be ascribed to random 
floctuations? In order to answer this question, we shall have to work 
out a test of significance, based on the properties of the sampling 
distribution of r. If r differs significantly from zero, this may be 
taken as an indication of some kind of dependence between the vari* 
ables. The converse conclusion is, however, not legitimate. Even if 
the population value q is equal to zero, the variables may be dependent 
(cf 21.7). 

Various tests of significance adapted to problems of the general 
character indicated above will be treated in Chs 80—31. The test of 
significance to be applied to a given problem may always be chosen 
in many different ways. It thus becomes an important problem to 
examine the principles underlying the choice of a test, to compare 
the properties of various alternative tests and, if possible, to show 
how to find the test that will be most efficient for a given purpose. 
Questions belonging to this order of ideas will be considered in Ch. 35. 

In a further type of problems of statistical analysis it is required 
to use a set of sample values to form estimates of various characteris¬ 
tics of the population from which the sample is supposed to be drawn, 
and to form an idea of the precision of such estimates. The simplest 
problem of this type is the classical problem of inverse probability : 
given the frequency of an event E in % sequence of repetitions of a 
random experiment) what kind of conclusions can be drawn with 
respect to the unknown value of the probability p of J?? It is fairly 
obvious that in this case the observed frequency ratio may be taken 
as an estimate of p, but will it be possible to measure the precision 
of this estimate, and even to make some valid probability statement 
concerning the difference between the estimate and the unknown »true 
value* of p? — A more complicated problem of the same character 
arises in the theory of etrors^ where we have at our disposal a set of 
measurements on quantities connected with a certain number of un¬ 
known constants, and it is required to form estimates of the values 
of these constants, and to appreciate the precision of the estimates. 
Similar problems occur in connection with the method of multiple 
regression, which is of great importance in many fields of application. 
In certain economic problems, e. g., economic theory leads us to assume 
that there exist certain linear or approximately linear relations be¬ 
tween variables connected with consumers’ incomes, prices and quantities 
of various commodities produced or consumed in a given market. 
When a set of observed values of these variables are available, it is 
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then required to form estimates of the »elasticities* or similar quanti¬ 
ties that appear as coefficients in the relations between the variables. 

A general form of the estimation problem may be stated in the 
following way. We consider a random variable (in any number of 
dimensions), the distribution of which has a known mathematical form, 
but contains a certain number of unknown constant parameters. We 
are given a sample of observed values of the variable, and it is required 
to use the sample values to form estimates of the parameters, and to 
appreciate the precision of the estimates. In general, there will be an 
inhnite number of different functions of the sample values that may 
be used as estimates, and it will then be important to compare the 
properties of various possible estimates for the same parameter, and 
in particular to find the functions (if any) that yield estimates of 
maximum precision. Further, when a system of estimates has been 
computed, it will be natural to ask if it is possible to make some 
valid probability statements concerning the deviations of the estimates 
from the unknown »true values* of the parameters. Problems of this 
type form the object of the theory of estimation, which will be treated 
in Chs 32—34. — Finally, some applications of the preceding theories 
will be given in Chs 36—37, 

26.5. Prediction. — The word prediction should here be understood 
in a very wide sense, as related to the ability to answer questions 
such as: What is going to happen under given conditions? — What 
consequences are we likely to encounter if we take thia or that pos¬ 
sible course of action? — What course of action should we take in 
order to produce some given event? — Prediction, in this wide sense 
of the word, is the practical aim of any form of science. 

Questions of the type indicated often arise in connection with 
random variables. We shall quote some examples: 

What numbers of marriages, births and deaths are we likely to 
find in a given country during the next year? — What distribution 
of colours should we expect in the offspring of a pair of mice of 
known genetical constitution? — What effects are likely to occur, if 
the price of a certain commodity is raised or lowered by a given 
amount? — Given the results of certain routine tests on a sample 
from a batch of manufactured articles, should the batch be a) destroyed, 
or b) placed on the market under a guarantee? — How should the 
premiums and funds of an insurance office be calculated in order to 
produce a stable business? — What margin of security should be 
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applied in the planning: of a new telephone exchange in order to 
reduce the risk of a temporary overloading within reasonable limits: 

If we suppose that we know the probability distributions of the 
variables that enter into a question of this type, it will be seen that 
we shall often be in a position to give at least a tentative answer to 
the question. A full discussion of a question of this type, however, 
usually requires an intimate knowledge of the particular field of 
application concerned. In a work on general statistical theory, such 
as the present one, it is obviously not possible to enter upon such 
discussions. 
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CHAPTER 27. 

Characteristics op Sampling Distributions. 

27.1 Notations. — Consider a one-dimensional random variable S 
with the d. f. F (x). For the moments and other characteristics of the 
distribution of 5 we shall use the notations introduced in Ch. 15. 
Thus m and a denote the mean and the variance of the variable, while 
Ov, and */,. denote respectively the moment, central moment and 
semi-invariant of order v. We shall suppose throughout, and without 
further notice, that these quantities are finite, as far as they are 
required for the deduction of our formulae. 

By n repetitions of the random experiment to which the variable ^ 
is attached, we obtain a sequence of n observed values of the variable: 

Xn- As explained in 25.2, we shall in this connection use 
a terminology derived from the process of simple random sampling, 
thus regarding the set of values x,,..., as a sample from a popula¬ 
tion specified by the d. f. F(x). The distribution of the sample is ob¬ 
tained (cf 25.3) by placing a mass equal to 1/n in each point x^ and 
the moments and other characteristics of the sample are defined as the 
characteristics of this distribution. 

In all investigations dealing with sample characteristics, it is most 
important to use a clear and consistent system of notations. In this 
respect, we shall as far as possible apply the following three rules 
throughout the rest of the book: 

1. The arithmetic mean of any number of quantities such as Xi, .. Xn 

.Vij • • • y* u'ill he denoted by the corresponding letter tvith a bar: x or y. 

2. When a certain characteristic of the population (i, e. of the distri¬ 
bution of the variable 5) ordinarily denoted by a Greek letter, the 
corresponding characteristic of the sample will be denoted by the corre¬ 
sponding italic letter: for cr*, a^ for etc. 

3. In cases not covered by the two preceding rules ive shall usually 
denote sample characteristics by placing an asterisk on the letter denoting 
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the correspoitding population characteristic^ thus writing e. g. (ar) for 
the d. / of the sample, which corresponds to the population d, f. F (a:). 

Thus the mean and the variance of the sample are (cf 25.3) 

(27.1.1) £=-2iXi, . = 

w , « I 

where the summation is extended over all sample values: t = 1, 2,... n. 
The moments Ov and the central moments of the sample are 

(27.1.2) = in. = -2(a;.-«)’- 

The coefficients of skewness and excess of the sample are. in accord¬ 
ance with (15.8.1) and (15.8.2), 


(27.1.3) 



The relations (15.4.4) between the moments and the central moments 
hold true for any distribution; thus in particular they remain valid 
if nXy Ov and are replaced by the corresponding; sample character¬ 
istics a, and tn... 

For the d. f. of the sample, we have already in (25.3.1) introduced 
the notation 2'’*(a::). Similarly the c. f. of the sample is') 


00 

(27.1.4) g>* (t) = f cit* (IF‘ (x) = -2 

J I 


and the semi-invariants of the sample are thus according to (15.10.2) 
defined by the development*) 

127.1.5) log y* (<) = 2 yi (•<)’• 

1 

All moments and semi-invariants of the sample are finite, and the 
relations (15.10.3) — (15.10.5) between moments and semi-invariants 

When there is n possibility of confusion, we shall use a heavy-faced i to denote 
the imaginary unit. 

*) At this point our notation differs from the notation of R. A. Fisher (Ref. 13). 
who uses the symbol to denote the unbiased cs'timate of which, in our nota¬ 
tion, is denoted by (cf 27.6). 
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hold true when the population characteristics are replaced by sample 
characteristics. 

The same rules will be applied to samples from multi dimensional 
populations. Thus e. g. if we are given n pairs of observed values 
(a:,, y,),. .(ajn, from a two-dimensional distribution, we write (cf 
21 . 2 ) 


X = 




(27.1.6) 


= rSi -^2 = ^ 2 — ^) 0 a “ y )^ 

i 

»'oi = s; = ^2(y< —.v)*' 


In particular, the quantity r de6ned by the relation 


(27.1.7) 





is the correlation coefficient of the sample, which corresponds to the 
correlation coefficient q of the population. Since r is the correlation 
coefficient of an actual distribution (viz. the distribution of the sample), 
it follows from 21.2 that we have ~1 1. The extreme values 

r—±l can only occur when all the sample points (.r,, y,) are situated 
on a single straight line. 

For a sample in more than two dimensions, we use notations • de¬ 
rived according to the above rules from the notations introduced in 
Chs 22—23. Thus e. g. we denote by Sj the s. d. of the sample values 
of the t:th variable, while rtj is the correlation coefficient between 
the sample values of the i:th and the j.ih variable. We further write 
R for the determinant \rij\, and denote the regression coefficients, 
the partial correlation coefficients etc. of the sample by symbols such 
as (cf 23.2.3 and 23.4.2) 


^> 12-34 . . .k — 


s, R,: 


^\2-U ...k- 


R. 
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where k is the number of dimensions, while the Bi^ are the cofactors 
of B. As before, all relations between the characteristics deduced in 
Part II hold true when the population characteristics are replaced by 
sample characteristics. 

We now come back for one moment to the one*dimensional case. 
According^ to 25.4, any characteristic plo?],..., Xn) of an actual sample 
may be regarded as an obsenred value of a random variable ^ (or,,..., arn), 
where .. .,Xn are independent variables, all having the same dis< 
tribution as the original variable g. The distribution of the random 
variable g(xi, .. is called the sampling distribution of the charac¬ 
teristic g(xi, .. .,Xn). Thus we may talk of the sampling distribution 
of the mean of the variance etc. 

The same remarks apply to samples in any number of dimensions. 
Any sample characteristic may be regarded as an observed value of 
a certain random variable, the distribution of which is called the 
sampling distribution of the characteristic. Thus we may talk of the 
sampling distribution of the correlation coefficient r, of the correlation 
determinant i?, etc. 

For any sample characteristic g, we may thus consider its sampling 
distribution, and calculate the moments, semi-invariants etc. of this 
distribution. As usual (cf 15.3 and 15.6) we employ in such cases the 
symbols E(g) and D(g) to denote the mean and the s. d. of the ran¬ 
dom variable g = g(xi,,. Xn). Further, when we are concerned with 
some characteristic of the g distribution (such as a central moment, a 
semi-invariant etc.), which has been given a standard notation (such as 
fip or Xv) in Ch. 15, we shall sometimes use the standard symbol of 
this characteristic, followed by the corresponding random variable 
within brackets. Thus we shall write e. g. for the central moment of 
order v of the sample characteristic p == p (x^,. .., Xn) 

fi,(g) = E{g — E(sf)Y. 


Similarly, when two sample characteristics /(x,,..., a:«) and (a;,,..., x«) 
are considered simultaneously, the correlation coefficient of their joint 
sampling distribution will be denoted by 


e{/<9) = 


Mu (/. g) 


Whenever we are concej'ned with sampling distributions connected 
with a given population, it should always be borne in mind that the 
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sample characteristics (dc^ s, m», r etc) are conceived as random rait- 
ahles, while the population characteristics (m, a, x*, q etc) are fixed 
(though sometimes unknown) constants, 

37.2. The sample mean x. — Consider a one dimensional sample 
with the values Xi,..., Xn. Be^ardingf the xt as independent random 
variables, each having^ the d. f. F(x), we obtain 

E(a’) = ~^E(xi) = m, 

(27.2.1) 

D’W = i2D*(x,)=-^. 

n n 


Thus the random variable x = —'L Xi has the mean m and the variance 

n 

pjn, i. e. the s. d. ajVli. It then immediately follows from Tcheby- 
cheff's theorem 20.4 that the sample mean x converges in probability 
to the population mean w, as n tends to infinity.*) 

Writing :f — m = S (a?* — ?«), and bearing in mind that the Xi are 
u 

independent, and that any difference Xi —■ m has the mean value zero, 
we further obtain 


Ht (f) = E(i — m)’ = £ (2 — w)I’ 

= -«')• = ^- 5 - 

(27.2.2) = E(x- m)* = ^4 £ (2 “ »*)) 

— "4 2 ® ^ 2 ® ((*<■ ~ ~ ”•)*) 

” i ” i<j 

Ht 3(w —1) — 

,?■ ^ ' V ■ 

The higher central moments of x may be found by similar, though 
somewhat more tedious, calculations. Thus we find 

*) By the less elementary Kbintchine’s theorem 20.6, it follows that this property 
holds os soon as the population mean m exists, even when pt is not finite. 
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= + o(^)’ 

and generally 

(27.2.3) = JB(i - m)»* = o(^)- 

In the important particular case when the distribution of the popula¬ 
tion is normal (m, or), it has been pointed out in 17.3 that is also 
normal, with mean m and s. d. afVn . It follows that in this case any 
of odd order is zero, while the three first central moments of 
even order reduce to 


/-\ i-\ 3 cr^ 15 or* 

W = W = -» M4 W = -7¥-» Me W == -Tj- • 

n n n 

27.3. The momenta a,. — For any sample moment or» = ^2ac;'we 
obtain, in direct generalization of (27.2.1) and (27.2.3), 

£(«.) =-2 £(*?) = «.. 

" < 

D‘(a.) = Ji2o*(^er) 

(27.3.1) ‘ 

= 2 («(*?')-«* (* 7 ))= 

E(a. - «.)«*-• = 0 (i). E(a, - «,)« = 0 (jJ-,) ■ 

By Khintchine 8 theorem 20.5 it follows from the first of these rela¬ 
tions that, as soon as the population moment exists, the sample 
moment converges in probability to Oy, as n-^oo. 

It notv follows from the corollary to theorem 20.6 that any rational 
function, or power of a rational function, of the sample moments con¬ 
verges in probability to the constant obtained by substituting throughout 
Oy for Oy, provided that all the Cy occurring in the resulting expression 
exist, and that the constant thus obtained is finite. 

Hence in particular the central moments niy, the semi-invariants ip 
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and the coefficients and defined by (27.1.3J all converge in prob¬ 
ability to the corresponding population characteristics, as w-^oo. In 
large samples, any of these sample characteristics may thus be re¬ 
garded as an estimate of the corresponding population characteristic. 
We shall, however, later find that the estimates obtained in this way 
are not always the best that we can obtain (cf 27.6 and 33.1). 

Any mean value of the type 

<27.3.2) E (a; aj ...) = E ((2 ^ )" )’ • •) - 

where p, 7,. • • are integers, can be obtained by straightforward, though 
often tedious, algebraical calculation. We have only to use the fact 
that the Xi are independent variables such that £ (a:*) — o,.. — In the 
particular case when the population mean m is equal to zero, a, co¬ 
incides with the central moment If the sample mean x occurs 
among the factors in (27.3.2), the calculations are in this case simpli¬ 
fied, since any term containing one of the Xi in the first degree has 
then the mean value zero. 


27.4. The variance 11 %^. — Any central sample moment m» = 


I 

n 


2 


(xi — xY is independent of the position of the origin on the 


scale of the variable. Placing the origin in the mean qf the popula¬ 
tion, we have m = 0. When we are concerned with the sampling 
distributions of the m», we may thus always suppose m = 0, and so 
introduce the simplification mentioned at the end of the preceding 
paragraph. The formulae thus obtained will hold true irrespective of 
the value of m. 

We accordingly suppose m = 0, and consider the sample variance 

= By (27.2.1) and (27.3.1) we have, 

n 


since m==0. 


(27.4.1) E{m,) = E(«,) - E{x*) = A*, - ^ 


We farther have mj = aj — 2 ;f* a, + Assuming always wi=0, we 
find 
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and hence after reduction 
4- 

(27.4.2) D* (m.) = E (wj) - E* (m.) 

_#** —/“5 2(|1* —2/*;) u, —3 m1 

n n’ n‘ ' 


The higher central moments of m, may be obtained in the same waj. 
The calculations are long and uninteresting, but no difficulty of prin¬ 
ciple is involyed. We giye only the leading terms of the third and 
fourth moments: 


/i,(m,) = £ 
(27.4.3) 



4 


— + 2/«! 



We shall finally consider the covariance (cf 21.2) between the mean 
X and the variance trig of the sample. For an arbitrary value of Wr 
this is 


ft,, (£, m,)=‘E^(i — m) = E{{£ - to) to,). 


Since the last expression is clearly independent of the position of the 
origin, we may again assume m ^ 0, and thus obtain by calculations 
of the same kind as above 


(27.4.4) 


A*u Wf) = ^ = E (i fl,) — E (^*) 



n —1 


n* 


Mb- 
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For any symYiietric distribution, we have /i, = 0, and thus x and m. 
are uncorrelated. We shall see later (cf 29.3) that, in the particular 
case of a normal population, x and m, are not only uncorrelated, but 
even independent. For a normal population, (27.4.1) and (27.4.2) give 

(27.4.5) £(«,) = a*, D* (m,) = ~ a*. 

n n 


27.5. Higher central moments and semi-invariants. — The ex¬ 
pressions for the characteristics of the sampling distributions of m* 
and are of rapidly increasing complexity when v becomes greater 
than 2, and we shall only mention a few comparatively simple cases, 
omitting details of calculation. For further information, the reader 
may be referred e. g. to papers by Tschuprow (Ref. 227) and Craig 
(Ref. 67). 

By calculations of the same kind as in the preceding paragraphs, 
we obtain the expressions 


E(m,) 


_(n-l)(n~2) 




(27.5.1) 


. («-l)(««-3« + 3) 3(n-l)(2»-3) 

£(»nj =--+ -- fi,. 


For any m. we have 

(27.5.2) »n.= — = (j)^«»-> +■ (^)*’a.-a—• • 

As before, we may suppose m = 0. so that E (aj) — 




For 1 < ^ ^ V, we have by (27.2.3) and (27.3.1), using the Schwarz in¬ 
equality (9.5.1), 

E»(i'£»*-<) ^ E(x^^)E(al^i) - 0 , 

so that E(if* a,.-.f) = 0 (n *), and (27.5.2) gives 
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(27.5.3) £(»«,) = /*, + 

Further, by (27.5.2) any power of is composed of terms of the 

form a*,..., and it is shown in the same way as above that 

the mean value of such a term is of the order it ^ Thus in order 
to calculate the leading term of E (trip — it is sufficient to retain 
the terms 

m,. — jiiv = fly —/i*- 

while all the following terms of (27.5.2) give a contribution of lower 
order. For k —2 we obtain in this way, since by (27.5.3) the diffe¬ 
rence £(wy)~-^v is of order n~\ 

(27.5.4) D^m,) = ^ ^ . 

Generally we obtain for any even power of wiy — jiir 

(27.5.5) E(m.-Atr)**=o(i)- 

The mean value of a product (m^ — fij) (w^ — /to) may be calculated in 
the same way, and we thus obtain, using again (27.5.3), the following 
expression for the covariance between nty and m,y, 

(27.5.6) A*ii(wi», m^) == 

^ — — — ^ V g /i^/iy-,1/ip^l ^ ^ / 1_\ 

n \n7 

The expressions of the first semi-invariants Ar* of the sample are 
obtained by substituting in (15.10.5) the sample moments for the 
population moments /iy. We obtain 

ifc, = :f, ifc, = wi,, == wij, — 3 mj. 

We may then deduce expressions for the means and variances of the 
ity by means of the formulae for the given above. In particular we 
obtain in this way, expressing E (A-y) in terms of the population semi- 
invariants Xy 
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(27.6.7) 


£(*,) = 


E{k,)- 


(» —l)(»i —2)_ 


£{*♦) = 


(n — 1) (/»* — 6 n 4- 6) 6 (« — 1) 


27.6. Unbiased estimates. — Consider the sample variance = 

— :p)*. According to 27.3, >», converges in probability to the 
n 

population variance fif as n oo , and for large values of n we may 
thus use m, as an estimate of In the terminology introduced by 
R. A. Fisher (Ref. 89, 96), an estimate which converges in probability 
to the estimated value, as the size of the sample tends to inhnity, 
is called a consistent estimate. Thus is a consistent estimate of 
On the other hand, it is shown by (27.4.1) that the mean value 


of is not but 


1 


jU,. Thus if we repeatedly draw samples of 


a hxed size n from the given population, and calculate the variance 
m| for each sample, the arithmetic mean of all the observed nig-values 
will not converge in probability to the »true value» /u,, but to the 


smaller value - - 


As an estimate of jU|, the quantity, is 


thus afiEected with a certain negative bias, which may be removed if 
we replace wi, by the quantity 


M, 


n- — 1 




2 (»(—*)'• 


We have, in fact, E(Mf) — — ^^E(m,) = fi,, and according'lj JIf, is 

II - 1 

called an unbiased estimate of u,. Since the factor —^ tends to unity 

as n 00 , both Af, and tn, converge in probability to , so that Af, 
is consistent as well as unbiased, while m, is consistent, but not un¬ 
biased. 

Similarly, by 27.3, any central moment nu or semi-invariant A** of 
the sample is a consistent estimate of the corresponding ft, or x*, 
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but it follows from (27.5.1) and (27.5.7) that for y > I these estimates 
are not unbiased. As in the case of m, we may, however, by simple 
corrections form estimates which are both consistent and unbiased. 
Thus we obtain for y == 2, 3 and 4 the following corrected estimates 
of fiv and Xr! 


and 


Mr 


n 


Mr 


n* 


(n —l){w—2) 




„ n (n* — 2 n + 3) 

•^4 — 7 ‘ * \ t ~ r%\ / t!%\ 


__ 3n(2n —3) , 

(n- l)(n-2)(n-3)"'* (»-l)(«-2)(»-3j ” 


Z," " 


K, 


(«-l)(«-2)’^’ 




[n —-1) (n — 2) (ff — 3) 


[(w + 1) W4 — 3 (w — 1) mj]. 


By means of the formulae given in the two preceding paragraphs, it 
is easily verified that in all these cases we have £(Jlfv) = fi, and 
£(i^«) = Xv. For large values of n, it is often indifferent whether we 
use Mv and or and Ic^y but for small n the bias involved in 
the latter quantities may be considerable. — We shall return to 
questions connected with the properties of estimates in Ch. 32. 

We have seen in the preceding paragraphs that the algebraical 
process of working out formulae for the sampling characteristics of 
the quantities and becomes very laborious, as soon as we leave 
the simplest cases. It has been discovered by B. A. Fisher (Bef. 99), 
who has introduced the quantities AT* (which he denotes by cf foot- 
note p. 342), that the corresponding calculations for the may be 

considerably simplified by means of combinatorial methods. These 
methods have been further developed by Fisher himself, Wishart and 
others. A good account of the subject has been given by Kendall 
(Bef. 19), who gives numerous references to the literature. 


27.7. Functions of moments. — It often occurs that the mean and 
the variance of some function of the sample moments are required. 
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When the function is a polynomial in rf and the central moments 
the problem can be solved by the method developed in 27.3—27.5. 
Even when fractional powers are involved, we may often use a similar 
direct method. Consider e. g. the simple example of the standard 
deviation of the sample. We have identically 

(w, ~ 


V 




m, - Aig 
r flf — _ ^— 


2VV, 

By (27.4.1), the 6rst term in the second member has a mean value of 


order n~^. The last term is smaller in absolute value than 


(w, — n,)* 

and thus bj (27.4.2) and (27.4.1) its mean ralne is also of order n~\ 
Thus we obtain 

(27.7.1) E(Vm,) =V^, + 0 (^) • 

By a similar calculation we obtain 


(27.7.2) 


+ «(;.)■ 


In many cases, however, we are concerned with functions involving 
ratios between powers of certain moments, such as the coefficients 
and the coefficient of correlation etc. We shall give a theorem 
that covers the most important of these cases. The theorem will be 
stated and proved for the case of a function H(mvy n\g) of two central 
moments and but is immediately extended to any number of 
arguments, including also the mean J. The case of a function of one 
single argument is, of course, included as the particular case when 
the function is independent of one of the two arguments. The theorem 
also holds, with the same proof, for functions of moments of multi- 
dimensional samples (cf 27.8). 

Consider a function if (m,, m^) which does not contain n explicitly. 
We may regard H either as a function of the two arguments and 
or, replacing and by their expressions in terms of the sample 
values, as a function of the n variables a?],.. .,Xn. In the latter case 
the function may, of course, contain n explicitly. — We shall now 
prove the following theorem: 

Suppose that the two following conditions are satisfied: 

1) In some neighbourhood of the point the function 

H is continuous and has continuous deiivatives of the first and second 
order with respect to the arguments w* and m^. 
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2) Far all possible values of the xu we have\H\ < where C and 
p are non-negative constants. 

Denoting by Hq, Hi and the values assumed by the function 
//(m», and its first order partial derivatives in the point mv^ Pm, 
the mean and the variance of the randotn variable w?^) 

are then given by 

= fl, + o(i), 

D‘ [H) = fi, (m,) H', +2 .tt,, (m,, m^) + (m,) i/,* + 0 

By (27.6.4) and (27.6.6), the variance of H is thus of the form c/n + 0(n~*/»), 
where c is constant. — The proofs of these relations found in the literature are often 
unsatisfactory. The condition 2) as given above may be considerably generalized, but 
some condition of this type is necessary for the truth of the theorem. In fact, if we 
altogether omit condition 2), it would e. g. follow that, for any population with 
,ttt > 0, the function l/ntt would have a mean value of the form 1/^t + OCn^^. This 
is, however, evidently false. The mean of cannot be Unite for any population 
with a distribution of the . discrete type, since we have then a positive probability 
that mt ~ 0. It is easy to show that similar contradictions may arise even for con* 
tinuous distributions. 

In 28.4, it will be proved that the function m^) is asymptotically nor* 

mally distributed for large values of n. It is interesting to observe that, in this 
proof, no condition corresponding to the present condition 2) will be retiuired. 

Let P(S) denote the pr. f. of the joint distribution of ..., Xn. 
P(S) is a set function in the space Rn of the Xi. If, in TchebychefE’s 
theorem (15.7.1), we take it follows from (27.5.5) 

that we have for any 6 > 0 

P [(m, — . 

n 

or 




where ^ is a constant independent of n and e. The corresponding 
result holds, of course, for Denote by Z the set of all points in 
Kh such that the inequalities [w, — « and | Wp — < £ are both 

satisfied, while Z* is the complementary set. We then have, according 
to the above. 


(27.7.4) 




P(Z) > 1 


2 A 

«**»* 
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Now 


E(lf)-/irrfP + /jTdP, 


and by condition 2) the modulus of the last integral is smaller than 
^ 4r^^. Choosing k> p + it follows that 




(27.7.5) 


:W-/^rfP+o(i) 


If E is sufiEiciently small, we have by condition 1) for any point in 
the set Z 


H [trims = Hq + Hy (wi* — (w^ — .a^) H- P, 

(27.7.6) 

P = J [//n (iw. — iti*)* + 2 Pn (tWy — jUr) (wp — ^p) + jF/m (m^ — /tip)*], 


where the Hij denote the values of the second order derivatives in 
some intermediate point between (/i, , and (m^, mp). Hence 

f HdP=HoP(Z) + hJ (m. - fi,)dP + 

(27.7.7) * P ^ r 

+ Htf(mf-n,)dP + j BdP. 

Consider now the terms in the second member of the last relation. 
By (27.7.4), the first term differs from Hq by a quantity of order n~^', 
which is smaller than w~^, since 4- 1 ^ 1. The two following 

terms are at most of order since and are independent of 
», and we have by (27.5.3) and (27.5.5), using the Schwarz inequality 
(9.5.1), 



— lir) dF = E{frh-- fim) — f (m,. — pm) dP 


= (w. — 
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|J{m.-M.)rfP|s:[J (nu-n,YdP- /"dp]* 

S, [£(n., - n,Y -.Piz*)]* = 0 («‘^*), 

and similarly for the term containing Finally, by condition 1) the 
deriyatives Hij are bounded for all sufficiently small s, and it then 
follows in the same way that the last term in (27.7.7) is also of order 
Hence the first member of (27.7.7) differs from Hq by a quantity 
of order and according to (27.7.5) we have thus proved the first 
relation (27.7.3). 

In order to prove also the second relation (27.7.3), we write 

= f(H-H^YdP + j[H-H^YdP. 

X X* 

Choosing now it > 2p + ), we obtain by means of condition 2) and 
the first relation (27.7.3) just proved 

D* (H) = / (H-H^YdP + 0 

X 

We then express (H — Hq)* by means of the development (27.7.6), and 
proceed in the same way as before. The calculations are quite similar 
to those made above, except with respect to the terms of the type 
f (wi,. — /i,.) R dPy where we have, e. g., using (15.4.6) and (27.5.5), 

X 

1/ Hu(m,-^,YdP\ < iiEdm, S K{E{my-^^yY)‘=‘ 0(»-*). 

X 


This completes the proof of the theorem. 

We shall now apply the relations (27.7.3) to some examples. Con¬ 
sider first the coefficients of skewness and excess of the sample: 


9i 


^3 




As soon as > 0, these functions satisfy condition 1). In order to 
show that condition 2) is also satisfied, we write 
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_ 1/“ 2 (xt — xY ,— :iY 

” (s (xi w)‘r “ ” f (S(x^ - .f)*)•/«’ 


and hence infer 


I *'■ I ^ ^ ? (s 4 - if) - ^ ■ 


In a similar way it is shown that \g^\<n for ail » > 3. — Thus we 
may apply (27.7.3) to find the means and the variances of Qi and g^. 
From (27.5.4) and (27.5.6) we find, to the order of approximation given 
by (27.7.3). 

(27.7.8; 4/i5n 

«i/_ N _ /III a<8~4/U,.«4^,-8.mJ ^3.«5 +4 luj-iuj/u! +16|Ua ^5 |U4-f 16 


When the parent population is normal, these approximate expressions 
reduce to 


(27.7.9) 


E(5,) = £((/,) = 0, 


The exact expressions for the normal case will be given in (29.3.7). 
As our next example we consider the ratio 



which is known as the coefficient off variation of the sample. When 
the population distribution is such that the variable takes only posi¬ 
tive values, we have 



so that we may apply (27.7.3), replacing, in accordance with the re¬ 
mark made in connection with the theorem, in* by tf. By (27.2.1), 
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(27.4.2) and (27.4.4) we then obtain, to the order of approximation 
given by (27.7.3), 


(27.7.10) 


E(F) = 


m 


dmf) 




A normal population does not satisfy the condition that the variable 
takes only positive values, and it is easily seen that for such a po¬ 
pulation V is not bounded, so that condition 2) is not satisfied. We 
may, however, consider a normal distribution truncated at a? «= 0 (cf 

19.3), and when ^ is fairly small, the central moments of such a dis- 

991 

tribution will be approximately equal to the corresponding mohients 
of a complete normal distribution. In this case, the approximate ex¬ 
pression for the variance of V reduces to 

(m.u) + 


27.8. Gharacteriatlcs of multi-dimenaional distributions. — The 
formulae for sample characteristics deduced in 27.2—27.6, as well as 
the theorem proved in 27.7, may be directly extended to the character¬ 
istics of multi-dimensional samples. The calculations are quite similar 
to those given above, and we shall here only quote some formulae 
relating to the two-dimensional case. The definitions of the symbols 
used below have been given in 27.1, and we assume throughout that 
all the requisite moments are finite. — We have 

E(fnit) = fitk 4 * 0 » 

E(m„) = + 

(««,.««) = ® (if) • 

+ o(^). 
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obviously satisfies the conditions of the theorem of 27.7, since we 
have \r\^l. Denoting: by g the population value of the correlation 
coefficient, we then obtain by means of the relations given above, to 
the order of approximation given by (27.7.3), 

^ (r) =* p, 

(27.8.1) |>»(y) J?!. //lio ^ ^ _j_ 4jti„ _ Ju»i_ _ 4/<u \ 

4nVi5o Mlt MtoMot /Mil /Mn/<,0 fin finl‘ 

For a normal population, the expression for the variance reduces (cf 
£x. 3, p. 317) to the following expression, which is correct to the 
order 

(27.8.2) 0*(r) = ^— 

fl 

We finally observe that the theorem of 27.3 on the convergence in 
probability of sample characteristics holds true without modification^ 
in the multi-dimensional case. Thus e. g. r converges in probability 
to p, while the partial correlation coefficient ria ai. jb of the sample 
converges in probability to pi 2 . 84 ...ft, etc. 

27.9. Corrections for grouping. — In practice samples are very 
often grouped (cf 25.5). Suppose that we draw a sample of n from a 
one-dimensional distribution of the continuous type, with the fr. f. 
/(x), and let the sample values be grouped into intervals of length h, 
with the mid points * where t = 0, ± 1, ± 2, . . . . In such 

cases it is usual to assume, in calculating the moments and other 
sample characteristics, that all sample values belonging to a certain 
interval fall in the mid-point of that interval. We are then in reality 
sampling from a distribution of the discrete type, where the variable 
may take any value & = probability 


f f(x)dx. 

The moments etc. that we are estimating from our sample character- 
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istics according to the formulae preriouelj given in this chapter, are 
thus the moments of this »grouped distribution*: 

oe 

~«0 

However, in many cases it is not these moments that we really want 
to know, but the moments of the given continuous distribution: 

CO 

o,. = f x*f(x)dx. 

— 00 

Consequently it becomes important to investigate the relations be¬ 
tween the two sets of moments. It will be shown that, subject to 
certain conditions, approximate values of the moments &«■ may be 
obtained by applying certain corrections to the raw or grouped mo¬ 
ments dr. 

The raw moments may be written 

*. = 2 j = 2 ^ 


where = So + «and 

€ + 

(27.9.1) gm = r / f[x)dx. 

i-\h 

From the Euler-MacLaurin sum formula (12.2.5) we then obtain, 
assuming f[x) continuous for ail x, 

QD 

«. = /(?o + hgYdy f f(x)dx + B, 

(27.9.2) "* 

R — —hj Pi{g)g(^ + hy)dy. 

— 00 

Let us assume for the moment that the remainder /? may be neg¬ 
lected. We then obtain, reverting the order of integration, 
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. 

<*<■ = / /(») <** /(&» + Ay)* «*y 

1 

A * 



Thus the grouped momenta dt,. may be expressed as linear functions 
of the »true» moments a,.. Solving the equations successively with 
respect to the a*, we obtain 

a, = 

o, = (X, — I'f A*, 

~ *s i A*. 

(27.9.3) «* = «4-iS.A’ + ii«A«, 

®6 ~ *6 I *8 + A 4l fc*, 

— *6 J *4 + A *1 — t!Ji 


These are the formulae known as Sheppard's corrections (Ref. 212). 
The general expression is (cf Wold, Ref. 245) 

where the Bt are the Bernoulli numbers defined by (12.2.2). 

If we place the origin in the mean of the distribution, we have 
er^ = = 0, and so obtain the corrections for the central moments: 

= —\VA’, 

(27.9.4) /*» = /*.. 

— i /*» A’ + liu 
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These relations hold under the assumption that the remainder R 
in (27.9.2) may be neg^lected. Suppose now that we are given two 
positive integers a and k such that: 

1 ) f(x) and its first 2 s derivatives are continuous for all x. 

2) The product (x) is bounded for all x and for t = 0, 

1,..., 2«. — The function g (1) given by (27.9.1) will then be continuous 
for ail I together with its first 2^ + 1 derivatives, and it is easily 
seen that for v = 1, 2 ,.... A; and » = 0,1,..., 2^+1 we have 

<27.9.5) j'‘'(5)=0(r>) 

as 5 -► ± 00. Consequently we may apply the EulerMacLaurin formula 
in the form (12.2.6), and thus find that the remainder R may be 
written in the form 


B = (- !)*+» + hy)dy. 

— 00 

It then follows from (12.2.1) and (27.9.5) that we have 

00 


where A and B are constants not depending on h. Thus if the 
width of the class interval, is sufficiently small, R may be neglected 
and the corrections (27.9.3) or (27.9.4) applied to moments of any 
order v ^ A?, the error involved being of the order 

Whenever the frequency curve y =f[x) has a contact of high order 
with the x axis at both ends of the range, the above conditions 1) and 
2 ) are satisfied for moderate values of s and k. In such cases, it has 
been found in practice that the result of applying Sheppard’s correc* 
tions to the moments is usually good even when h is not very small. 
It is, however, always advisable to compare the amount of the correc¬ 
tion to be applied to a certain moment with the standard deviation 
of the sampling distribution of that moment. If, as is often the case, 
the correction only amounts to a small fraction of the s. d., it does 
not really matter whether the correction is applied or not. 

In cases where the frequency curve has not a high order terminal 
contact, it is usually better not to apply Sheppard’s corrections. 
Other correction formulae have been proposed for use in such cases, 
but they do not seem to be of sufficiently general validity (cf Elderton, 
Eef. 12, p. 231). 
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Langdon and Ore (Bef. 144) and Wold (Ref. 245, 246) hare given 
corrections for the semi^invariants which are valid under the same 
conditions as Sheppard’s. These have the simple form 

— — JB 

= Xj, and x,. = x»- -h* (v> 1). 

V 

The deduction of Sheppard's corrections may be extended to mo¬ 
ments of multi-dimensional samples. In particular we have for a two- 
dimensional distribution with class intervals of the length hi for x 
and hf for y 

(27 9 6) ~ ~ ^81 i » 

.Uij, = An — tV /iio Af Aoi + lii ^*1 K • 

The corrections for /in and /i|, are, of course, obtained by permutation 
of indices, and the corrections for the marginal moments /i,o and /lo/ 
follow directly from (27.9.4), so that by these formulae we are able 
to find the corrections for all moments of orders not exceeding four. 

It should finally be remarked that the problem of corrections for 
grouping has been treated also from various other points of view. 
The reader may be referred e. g. to Fisher (Ref. 89) and Kendall 
(Ref. 136). 


CHAPTER 28. 

Asymptotic Properties of Sampling Distributions. 

28.1. Introductory remarks. — In 27.3 and 27.8, we have seen 
that all ordinary sample characteristics that are functions of the mo¬ 
ments converge in probability to the corresponding population char¬ 
acteristics, as the size n of the sample tends to infinity. In the present 
chapter, the asymptotic behaviour for large .n of the sampling distri¬ 
butions of these and certain other characteristics will be considered 
somewhat more closely. Following up a remark made in 17.5, we shall 
first show that, under very general conditions, characteristics based 
on the sample moments are asymptotically normally distributed for 
large n. We shall then consider certain other classes of sample char- 
acteristics, some of which are, like the moment characteristics, asymp- 
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toticallj normal, while others show a totally different asymptotic 
behaTiour. 


28.2. The moments. — Consider n sample rallies a?|, . . Xi» from 
a one dimensional distribution. The quantity is a sum of 

n independent random yariables all harin^f the same distribution^ 
with the mean E(x*) » o, and the rariance » oar— al. We may 

then apply the Lindeberg-L4ry ease of the Central Limit Theorem (ef 
17.4) and find that, as ti oo, the d. f. of the standardized sum 

a,-cr, 

"= = = F M —/===: 

y n (flfa, — cri) r oj* — al 


tends to the normal d. f. <l>(a:). According to the terminology intro¬ 
duced in 17.4. any sample moment is thus asymptotically normal 
(ov, K (oa«-~a«)/n). We observe that the parameters of the limiting 
normal distribution are identical with the mean and the s. d. of 
as given by (27.3.1). — In particular, the mean £ of the sample 
is asymptotically normal (m, o/Kn), as already pointed out in 17.4. 

Similarly, when we consider simultaneously the two random vari¬ 
ables Jo?* and an application of the two-dimensio¬ 

nal form of the Lindeberg-L^vy theorem (cf 21.11) shows that the 
joint distribution of the two variables Vn (or Or) and V n(aQ — o^,) 
tends to a certain two-dimensional normal distribution. The argument 
is evidently general, and by means of the multi-dimensional form of 
the Lindeberg-L4vy theorem (cf 24.7) we obtain the following result: 

The joint distribution of any number of the quantities Vn (a^ — a*) 
tends to a normal distribution with gero mean values and the second 
order moments 


(28.2.1) 


= aj = JB (fi (fl* — o,)*) = ca» — al, 

~ E{n {Oy *“ ay)(ap Up^) — p ay Op. 


Thus if we introduce standardized variables gy defined by 


(28.2.2) 


o» = o» + 


Vn 




every gy will have zero mean and unit s. d., and the joint distribution 
of the gy will be asymptotically normal, with the covariances 
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E(gr^f)-- 


Aff p 
Or Of 


The extension of the above considerations to moments of multi-dimen¬ 
sional samples is immediate. 


28.3. The central moments. — By the remarks made in connection 
Yrith (27.5.2), any central moment may be written in the form 

iff 

wi, = Ov — vx Or-i —» 

n 

where u; is a random variable such that E{w^) is smaller than a 
quantity independent of n. According to 27.4, we may without loss 
of generality assume m = 0, so that o^ = and 

. 

niv — u* — a* — — vxar-i + - • 

n 

Introducing the standardized variables defined by (28.2.2), we then 
have 

JR 

(28.3.1) l^(m» —= -f 

V V 

where — va^ar^iz^z^-^i. Now by (9.5.1) 

E(\R\)^E(\ w I) + Va, cr.-i JB(I r, r,- 1 1) 

^ VE(w^) + VO, o.-, VE(z\)E(z1^i), 

so that £(|B|) is smaller than a quantity independent of n, and it 
then follows by an application of Tchebycheff’s theorem (15.7.1) that 
RjVn converges in probability to zero. Applying the theorem 20.6 
to the expression (28.3.1) we thus find that the variable Vn{m 9 — 
has, in the limit as n oo, the same distribution as the linear ex¬ 
pression OrZr — voifir-i^v joint distribution of z^ and Zi is, 

however, asymptotically normal, and any linear combination of nor¬ 
mally distributed variables is, by 24.4, itself normally distributed. 

Thus any central moment m^ of the sample is asymptotically normally 
distributed, with the mean and the variance 

a\ — 2vpr^xlri -f —pi H- v*p^pl-i 

n n 


365 



28 * 3-4 


We observe that the variance of the limiting^ normal distribution is 
identical with the leading term of D*(m») as given by (27.5.4). — If 
we consider simultaneously any number of the m,., we find in the 
same way, using the last theorem of 22.6, that the joint distribution 
of the m, is asymptotically normal, with the means and variances 
and covariances given by the leading terms of (27.5.4) and (27.5.6). 
— As in the preceding paragraph, the extension to moments of multi¬ 
dimensional samples is immediate. 

28.4. Functions of moments. — As in 27.7, we shall confine our 
attention to the case of a function if (m«, m^) of two central moments 
from a one-dimensional sample. However, the extension to any number 
of arguments, to multi-dimensional samples and to the joint distribu¬ 
tion of any number of functions is immediate. We shall prove the 
following theorem. 

Ify in some neighbourhood of the 'point tn* = the function 

H(nt«, tiip) is continuous and has continuous derivatives of the first and 
second order with respect to the arguments and m^, the random variable 
H(m^ym^ is asymptotically normal, the mean and the variance of the 
limiting normal distribution being given by the leading terms q/*(27.7.3). 

It will be observed that in this theorem there is nothing corresponding to condi¬ 
tion 2) of the theorem of 27.7. Thus we may e. g. assert that the function is 

_ 

' 1 m i\ 

—. I, though for certain populations (cf 27.7) neither 

fi\Vn 1 

the mean nor the variance of — is finite. We remind in this connection of a remark 

tw, 

mode in 17.4 to the effect that a variable may be asymptotically normal even thongb 
its mean and variance do not exist, or do not tend to the mean and variance of the 
limiting normal distribution. 

As in 27.7, we consider the set Z of all points (a?|, . . ., o^n) such 
that \m„ — p,^\< € and || < s. In the present case we shall, 
however, allow e to depend on n, and shall in fact choose < » 

We then have, using the notations of 27.7 and choosing 1, 

P(Z)> 1-^ = 1 

If n is sufficiently large, we have for any point of Z the development 
(27.7.6), which may be written 

Vh (H — Hq) = Hi Kw (w, •— Pi) + Hf (m^ — p^) + R Vn, 

366 


asymptotically normal 



38 . 4 -!^ 


where | JR | < JT«• Kn =» Thus the inequality | B Vh | <Kfr^ 

is satisfied with a probability ^ P(Z) > 1--2-4 w“i so that BVn 
oonverges in probability to zero. By theorem 20.6, we then find that 
the yariables Vn (H — Hq) and Vn (m* — fij) + n (mg — fig) haye, 

in the limit as n oo, the same distribution. By the preceding para- 
graph, the latter yariable is, however, asymptotically normal with the 
mean and the yariance required by our theorem, which is thus proyed. 

It follows from this theorem that any sample characteristic hosed on 
moments is, for large values of n, approximately normally distributed 
about the corresponding population characteristic, with a variance of the 
form cln, provided only that the leading terms of (27.7.3) yield finite 
values for the mean and the variance of the limiting distribution. 

This is true for samples in any number of dimensions. Thus e. g. 
the coefficients of skewness and excess (15.8), the coefficients of re¬ 
gression (21.6 and 23.2), the generalized yariance (22.7), and the 
coefficients of total, partial and multiple correlation (21.7, 23.4 and 
23.5) are all asymptotically normally distributed about the corresponding 
coefficients of the population. 

One important remark should, however, be made in this connec¬ 
tion. In general, the constant c in the expression of the variance 
will have a positive value. However, in exceptional cases c may be 
zero, which implies that the variance is of a smaller order than 
Looking back on the proof of the theorem, it is readily seen that in 
such a case the proof shows that the variable V n[H — converges 
in probability to zero, which may be expressed by saying that H is 
asymptotically normal with zero variance, as far as terras of order 
are concerned. It may, however, then occur that some expression of 
the form (H — Hq) with p> i may have a definite limiting distri¬ 
bution, but this is not necessarily normal. We shall encounter an example 
of this phenomenon in 29.12, in connection with the distribution of 
the multiple correlation coefficient in the particular case when the 
corresponding population value is zero. 

28.5. The quantiles. — Consider a sample of n values from a one¬ 
dimensional distribution of the continuous type, with the d. f. F(x) 
and the fr. f. f(x) = F (x). Let C = Cp denote the quantile (cf 15.6) of 
order p of the distribution, i. e. the root (assumed unique) of the 
equation F(f)=j», where 0<p< 1. We shall suppose that, in some 
neighbourhood oi x = Cp, the fr. f. f(x) is continuous and has a con¬ 
tinuous derivative f' (x). 
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We further denote by the correeponding quantile of the sample. 
If np is not an integer, and if we arrange the sample valnes in 
ascending order of magnitude: ••• ^Xn, there is a unique 

quantile €p equal to the sample ralue Xp^u where fA^[np] denotes 
the greatest integer ^ np. If. np is an integer, we are in the in¬ 
determinate case (cf 15.5—15.6), and gp may be any ralne in the 
interval (xnp, Xnp+i)* In order to avoid trivial complications, we assume 
in the sequel that np is not an integer. 

Let g(x) denote the fr.f. of the random variable The 

probability g(x)dx that e is situated in an infinitesimal interval 
{x, X + dx) is identical with the probability that, among the n sample 
values, [np] are < x, and n — /i — 1 are > « + da?, while the 
remaining value falls between x and x + dx. Hence 

g (x) dx - (» - m) {F(ar)y (1 - F(»))-'-'/(x) dx. 

In order to study the behaviour of the distribution of r for large n, 
we consider the random variable g n/pqf(Z)(g — f), where 5 = 1 —p. 
By (15.1.2) y has the fr. f. 

K^7(C)) “ '^*'**’ 

where we have for any fixed 5 c as n 00 (cf 16.4.8) 





Now JP({;) p, and thus 


F(t)=^, + x]/H + 





Substituting this in the expression of A^y we find after some calculation 
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A, - r», 

1 - 5 ? 

•o that the fr. f. of y tends to the normal fr. f. It is also 

r ZtT 

seen that A|, and are uniformly bounded in any interval 

a<x<h, so that by (5.3.6) the probability of the inequality a<y<b 

h 


1 /* _?! 

tends to the limit J ^ ^ 


It follows that the sample quantile Zp is asymptotically notmal 




where ^ « Cp the mresponding quantile of the popula- 
tion. — In particular the median of the sample is asymptotically normal 

( r - where C *= C4 is the median of the population. 

2/(;)K«/ 

For a normal distribution, with the parameters m and o, the median 

^ Thus the median £r of a sample of 


is m, and we have /(m) — i/— 

a V 

n from this distribution is asymptotically normal 


On the other hand, we know that the mean x of such a sample is exactly normal 
As n-^ so, z and x both conyerge in probability to and for large 




▼alnes of n we may use either z or ar as an estimate of m. The latter estimate should, 

a 

howerer, be considered os having the greater precition, since the s. d. corresponding 

r n 


to rr is smaller than the s. d. c 


Yh-'^ 


.2688 -Tir corresponding to z. — A systematic 

y n 

comparison of the precision of various estimates of a population characteristic will be 
given in the theory of estimation (cf. Ch. 32). 


Consider now the joint distribution of two quantiles / and of 
orders p^ and Pti where pi < Pf. By a calculation of the same kind 
as above, it can be shown that this distribution is asymptotically 
normal. The means of the limiting normal distribution are the cor¬ 
responding quantiles ^ and C ' of the population, while the asymptotic 
expressions of the second order moments f^f(z')y fiix(z\z”)^ thW) 


Pt Qi 

»r(C)’ 


_ Pig. Pt9t 

n/in/r)’ »»/‘(rT 
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Choosing in i>nrtioiiUr p, » C uid are the lower and 

upper qnartiles of the population, and we find that the semi-inter* 
qnartile range (ef 15.6) of the sample, | (r" — /), is asymptotically 
distribated in a normal distribution with the mean } ^nd the s. d. 



— For a normal (m, a) population, the mean of the semi-interquartile 
range becomes 0.6746 a, and the s. d. 0.7867 - 

y n 

28.6. The enCreme values and the range. — So far, we have only 
considered sample characteristics which, in large samples, tend to be 
normally distributed. We now turn to a group of characteristics 
showing a totally different behaviour. 

In a one-dimensional sample of n values, there are always two 6nite 
and uniquely determined extreme values and also a finite range, which 
is the difference between the extremes. More generally, we may arrange 
the n sample values in order of magnitude, and consider the v:th 
value from the top or from the bottom. For v ~ 1 we obtain, of course, 
the extreme values. 

It is often important to know the sampling distributions of the 
extreme values, the v:th values, the range, and other similar charac¬ 
teristics of the sample. We shall now consider some properties of 
these distributions. 

We restrict ourselves to the case when the population has a distri¬ 
bution of the continuous type, with the d. f. F and the fr. f. /== F'. 
Let X denote the v:th value from the top in a sample of n from this 
population. The probability element gp(x)dx in the sampling distribu¬ 
tion of X is identical with the probability that, among the n sample 
values, n — y are < x, and y — 1 are > a; -f dx, while the remaining 
value falls between x and x + dx. Hence 

(28.6.1) ?.(*)<Ja:= » ~ J)(Fte))—(1 - F(a:))*-‘/(*)da!. 

If we introduce a new variable $ by the substitution 

*) If, e.g., the two nppermott Ttliiee sre equal, any of them will be considered 
os the upper extreme value, and similarly in other cases. 
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(28.6.2) 5 = 72(1 -F(x)), 

we shall have 0 ^ 5 ^ w, and the fr. f. K(^) of the new variable will be 

(28.6.3) 

for 0 ^ 5 ^ ~ ^ outside (0, «). As 72 -♦ oo, hr(^) converges 

for any 5 ^ ^ 1 *^® limit 

(28.6.4) Urn h, (?) = |rpr e"*. 

n— 00 i vV; 


Further, /i*(5) is uniformly bounded for all tt in every finite f inter- 
val, and thus by (5.3.6) 5 is* fhe limit as 71 -> 00 , distributed ac¬ 
cording to the fr. f. (28.6.4), which is a particular case of (12.3.3). 

Similarly, if y denotes the v:th value from the bottom in our 
sample, and if we introduce a new variable rj by the substitution 

(28.6.5) f] = nF(y), 


we find that rj has the fr. f. hv(rj) and thus, in the limit, the fr. f. 

i — g— 

r(v)'‘ • 

We may also consider the joint distribution of the vith value x 
from the top and the v:th value y from the bottom. Introducing the 
variables 5 <^nd rj by the substitutions (28.6.2) and (28.6.5), it is then 
proved in the same way as above that the joint fr. f. of 5 and rj is 




where ? > 0, t]> 0, ? + ^ < n, and 2v < n. As this tends to 


(28.6.7) 


r(rr -rW 




so that 5 and rj are, in the limit, independent. 

When the d. f. F is given, it is sometimes possible to solve the 
equations (28.6,2) and (28.6.5) explicitly with respect to x and y. We 
then obtain the T'lth values x and y expressed in terms of the auxiliary 
variables 5 and rj of known distributions. When an explicit solution 
cannot be given, it is often possible to obtain an asymptotic solution 
for large values of ti. In such cases, the known distributions of 5 
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and fj maj be used to find the limitinff forms of the distributions of 
the r:th values, the range etc. We now proceed to consider some 
examples of this method, omitting certain details of calculation. 


1. The rectangular diatrihution. — Let the sampled variable be 
uniformly distributed (cf 19.1) over the interval (a, h). If, in a sample 
of n from this distribution, x and y are the y:th values from the top 
and from the bottom, (28.6.2) and (28.6.5) give 


X 



y = a -I- 



* 7 . 


where § and rj have the joint fr. f. (28.6.6), with the limiting form 
(28.6.7). Hence we obtain 


and similar expressions for y. We further have 


(28.6.8) 



fl + 6 
2 


, D* 



V 

2(w -H l)(n + 2) 




which shows that the arithmetic mean of the r:th values x and y 
provides a consistent and unbiased estimate (cf 27.6) of the mean 
(a + b)/2 of the distribution. Finally, we have for the difference rr —y 

(28.8.9) E(,-,|.(l-;^)(8-.), D.(.-,).|L'fe=^j(8-.).. 

For y » 1 the difference x — g is, of course, the range of the sample. 


3 . The triangular diatrihution, — In the case of a triangular distri¬ 
bution (of 19.1) over the range (a, 6), the equations (28.6.2) and (28.6.5) 

give, when x > —^— and y < —^—» 

x = y = a + (6-a)|/^- 

We consider only the particular case y 1, when x and y are the 
extreme values of the sample, and then obtain 
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-f y\ 

i — ^ ^ 4 - D / ^ \ 

2 1 

f 2 ’ ^ \ 

( 2 J 



( 28 . 6 . 10 ) 


3 . Cauchy 8 distribution, — For the distribution ^iren by the fr. f. 
(19.2.1), the substitution (28.6.2) gives 




at n . X— ft 


■M + ilcot^ = /i + ^+ 

n TT § \n / 


where ^ has the limiting distribution (28.6.4). The remainder con¬ 
verges in probability to zero, and it then follows from 20.6 that the 

Xn 

v:th value x from the top is, in the limit, distributed as + —v, 

7t 

1 1 —i 

where t;=-r has the fr. f. ^ Similarly the r:th value from 

Xn 

the bottom, y, is distributed as ^- w, where w is, in the limit, 

TC 

independent of v and has a distribution of the same form. In the 
case V = 1, the mean values of x and y are not finite. For r > 2 we 
have 

(28.6.11) °-(S^)- 8(,-i;.(,-2, (~)’-K>W 

We observe that the variance does not tend to zero as » -► oo. Ac¬ 
cordingly ^ does not converge in probability to ju, so that 
is not a consistent estimate (cf 27.6) of y.. 

4. Laplace's distribution. — For the fr. f. (19.2.4) we obtain for 
the v:th value x from the top, when x> fi, 

a: = ^ + A log I — ^ log §, 

where $ has the limiting distribution (28.6.4). Substituting r for 
"" log f, we thus have 
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« = /i + A log ^ + A v, 
where v = — log 5 liO'S, in the limits the fr. f. 



Similarly, the v:th raliie from the bottom is 


y = H — Xlog-^ — Xw, 


where w is, in the limit, independent of v and has the fr. f. (tr). 
In the particular case v = 1 we have (cf the following example) 


(28.6.12) 




A» TT* 
12 


•f 0 



and we observe that, as in the preceding case, 
sistent estimate of fi. 


X ■¥ y 
2 


is not a con- 


5. The normal distribution, — Consider first a normal distribution 
with the standardized parameters m ^ 0 and <7=1. If rr is the v:th 
value from the top in a sample of n from this distribution, (28.6.2) gives 


ee 

; = f 

V27tJ 


€ '^dt. 


It is required to find an asymptotic solution of this equation with 
respect to x, when n is large. By partial integration, the equation 
may be put in the form 


n 



Assuming $ bounded, we obtain after some calculation 

* = - + 0 
2 V 2 log n V2 log n 



and it follows that the remainder converges in probability to zero. 
Proceeding to the general case of a normal distribution with arbi- 
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01* mmmm ||| 

trarj parameters m and a, we need only replace x by —— • Substi- 

tnting at the same time v for — logr we thus find that the vrth 
ralue x from the top has the expression 


(28.6.13) x = m a V2 log n — o J--- 

212 log n 


y 2 log n 


V, 


where i’—— logf is a variable which, in the limit as n oo, has 
the fr. f. 


(28.6.14) 




already encountered in the preceding example. Similarly we have, for 
the v:th value y from the bottom, the expression 


(28.6.15) y = m- 


, log log n 4 log 4 /r o 

cr K 2 log w + a -- - - -r-ir, 

2 /2 log u 1 2 log 7i 


where tv is, in the limit, independent of v and has the fr. f. ji» (w). 

Thus for large values of n the r:th values x and y are related by 
simple linear transformations to variables having the limiting distri* 
bution debned by the fr. f. (2H.(5.14). The frequency curves u --'j^(v) 
are shown for some values of v in Fig. 27. 



375 




28.6 


W« observe that the limitiiig distribntion has, except for different normalisation» 
the same form as in the preceding example. A straightforward generalisation of the 
above argnment shows that the same limiting fr. f. (e) appears in all cases where 
the fr. f. of the parent distribntion is, for large valnes of | as |, asymptotically ex¬ 
pressed by 

/(*)- 

where A, B and p are positive constants. 

The mode of a variable which hag the fr. f. y* (v) is — log v, while 
the mean and the variance are given by the relations 


00 00 

-00 0 

00 

D*(v)=>J v*jr(v)dv — (C—S,)* = 

— 00 oo 

= J^JSe-id§-(C- S,)' = ^ - s., 
0 

obtained by means of (12.5.6) and (12.5.7). Here C denotes Eulers 
constant defined by (12.2.7), while 

s.-t+2+ - +^- + - 

Hence we obtain for the v:th value x from the top: 

fi(*) = m + a (/2T^ - P? + 0 U-)\. 

\ 2/2 loon Vog njf 

(28.6.16) 

^ 21og» (*6 “ ®*) ^(i^*~n)’ 

and similar expressions for the v:th value y from the bottom. We 
further obtain 

(2*.6.n) + 

X V 

so that in this case —^ gives a consistent estimate for m, though 
the variance only tends to zero as (log which is not nearly so 
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rapidly as fi — For the difference a; — y between the y.th values 
we have 


E(ar —y)==a 
(28.6.18) 
D'(x-y) 


/ 4 log n log lo g w ^loflr 4 tt -- 2 (S^ — C) 


V2 loff n 

ioir»('6 ~ ^ 



We may thus obtain a consistent estimate for a by multiplying a? — y 
with an appropriate constant, and the variance of this estimate will, 
for a given large value of n, be approximately proportional to 


7t 


t 


6 



The limiting forms discussed above in connection with the normal 
distribution and Laplace’s distribution are due partly to B. A. Fisher 
and Tippet (Bef. 110), and partly to Gumbel (Bef. 120), in whose 
papers further information concerning the properties of these distri- 
butions and their statistical applications will be found. 

In the limiting expressions for the case of the normal distribution, 
the remainder terms are of the same order as a negative power of 
log n. Now log n tends to infinity less rapidly than any power of 
n, and accordingly it has been found that the approach to the limiting 
forms is here considerably slower than e. g. in the case of the ap¬ 
proach to normality of the distribution of some moment characteristic. 
The exact distributions of the extreme values and the range of a sample 



Fig. 28. Distribntion fanction for the upper extreme of a sample of n values from n 
normal population with m 0 and o 1. 

Exact: -. Approximate formula: . 
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from a normal distribution bare been inFestigated bj Tarions antbors, 
and certain tables are arailable. Tbe reader is referred to K. Pear¬ 
son’s tables, and to papers bj Irwin, Tippet, E. 8. Pearson and 
Davies, E. 8. Pearson and HarUej (Bef. 264, 181, 226, 196, 197). 
We give in Fig. 28 some comparisons between tbe exact distribution 
of tbe largest member of a sample and tbe corresponding distributions 
calculated from tbe limiting expressions (28.6.13)-^(28.6.14). 


CHAPTER 29. 

Exact Sampling Distributions. 

39.1. The problem. In the two preceding chapters, we have shown 
how to calculate moments and various other characteristics of sampling 
distributions, and we have investigated the asymptotic behaviour of 
tbe distributions for samples of infinitely increasing size. However, it 
is clear that a knowledge of tbe exact form of a sampling distribu¬ 
tion would be of a far greater value than the knowledge of a number 
of moment characteristics and of a limiting expression for large values 
of n. Especially when we are dealing with email samplee, as is often 
the case in the applications, the asymptotic expressions are sometimes 
grossly inadequate, and a knowledge of the exact form of the distri¬ 
bution would then be highly desirable. 

Suppose that we are concerned with a sample of n observed values 
from a one-dimensional distribution with the d. f. E(a;), and that we 
wish to find the sampling distribution of some sample characteristic 
g{xxy . . a?n). The problem is then to find the distribution of a given 
function g(x^y . . of n independent random variables x^, . . ., 
each of which has the same distribution with the d. f. F(a;). 

Theoretically, this problem has been solved in 14.5, where we have 
shown that there is always a unique solution, as soon as the functions 
F and g are given. Numerically, the problem may often be solved by 
means of the computation of tables based on approximate formulae. 
If, however, we require a solution that can be explicitly expressed in 
terms of known functions, the situation will be quite different. At the 
present state of our knowledge such a solution can, in fact, only be 
reached in a comparatively small number of cases. 

One case where a result of a certain generality can be given, is 
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the simple case of the mean J- of a one-dimensional sample. 

i 

In Chs 16—19 we have seen (cf 16.2, 16.5, 17.3, 18.1, 19.2) that many 
distributions possess what we have called an addition theorem, i. e. a 
theorem that gives an explicit expression for the d. f. Gn [x] of the 
sum Xi 4- • • + Xn, where the Xi are independent, each having the given 
d.f. F(x). The d. f. of the mean i‘ is then Gn(nx), and thus we can 
find the exact sampling distribution of the mean, tohenevei' the parent 
distribution possesses an addition theorem. — We shall give some 
examples: 

When the parent F(x) is normal (w?, a), we have seen in 17.3 that 
the mean x is normal (m, o/Kw). 

When F(x) corresponds to a Cauchy distribution, we have seen in 
19.2 that X has the same d.f. F(x) as the parent population. 

When the parent has a Poisson distribution with the parameter X, 

1 2 

the mean x has the possible values 0, 


(16.5.4) that we have P 


(-j)- 


n 

v\ ® 


and it follows from 


Apart from the case of the mean (with respect to this case, cf 
Irwin, Ref. 132), very few results of a general character are known 
about the exact form of sampling distributions. Only in one particular 
case, viz. the case of sampling from a normal parent distribution (in 
any number of dimensions), has it so far been possible to investigate 
the subject systematically and reach results of a certain completeness. 
In the present chapter, we shall be concerned with this case. 

Some isolated results belonging to this order of ideas were dis¬ 
covered at an early stage by Helmert, K. Pearson and Student. The 
first systematic investigations of the subject were, however, made by 
R. A. Fisher, who gave rigorous proofs of the earlier results and 
discovered the exact forms of the distributions in fundamentally 
important new cases. In his work on these problems, Fisher generally 
uses methods of analytical geometry in a multi-dimensional space. 
Other methods, involving the use of characteristic functions, or of 
certain transformations of variables etc., have later been applied to 
this type of problems. In the sequel, we shall give examples of the 
use of various methods. 


29.2. Fi8her*8 lemma. Degreee of freedom. — In the study of 
sampling distributions connected with normally distributed variables, 
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the following^ traxitformation due to B. A. Fisher (Ref. 97) is often 
useful. Suppose that , ,,Xn are independent random yariabies, 
each of which is normal (0, a). Consider an orthogonal transformation 
(cf 11.9) 

(29.2.1) yi *= Oil «, 4- CiiX^ + ••• + c/nX«, (i = 1,2,..., n). 


replacing^ the variables a?i, . . ., by new variables y^y . . By 
24.4, the joint distribution of the yt is normal, and we obtain 
(cf Ex. 16, p. 319) E(y/) = 0, and 


? (y^ y*) = 2 


lo 


for 

for 


/ = A-, 

i 7^ ky 


so that the new variables yt are uncorrelated. It then follows from 
24.1 that they are even independent. Thtis the transformed variaUes 
yt are independent and normal (0, a). 

The geometrical signification of this result is evident. The trans¬ 
formation (29.2.1) corresponds (cf 11.9) to a rotation of the system 
of coordinates about the origin, and our result shows that the parti¬ 
cular normal distribution in Rn considered here is invariant under 
this rotation. 

Suppose now that, at first, only a certain number p < n of linear 
functions .Vj, y*, . . yp we given, where y< = cnfl?j + —I- omXn, and 
the Oij satisfy the orthogonality conditions 

I 1 for i = ky 

\ 0 for i 7 ^ ky 

for « = 1, 2, . . ., p and A; = 1, 2, . . ., p. By 11.9 we can then always 
find « — p further rows ctu . . ., c<n, where » = p + 1, . . ., n, such that 
the complete matrix Cnn = {c<*} is orthogonal. — Consider the quad¬ 
ratic form in x^y . . ,y Xn 

(29.2.2) Q{x .-yj. 

n 

If we apply here the orthogonal transformation (29.2.1), by 

1 

n 

11.9 transformed into 2^** obtain 

1 

Q “ yj+i + • ■ • + yi. 
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That Q it eqoftl to the ram of the Kiaoree of n — p independent 
nomsl (0, cr) Tuiablee which are, moreover, independent of y„ .. pp. 
Using (18.1.8), we obtain the following lemma due to B. A. Fisher 
(Bef. 97); 

The variable Q defined bp (29.2.2) ts independent of pt,. .., p, and 
has the fr.f. 





a? a e a®*, 


where 1cn(x) is the fr,f, (18.L3) of the x^-distrihuHon. 

The number n—p is the rank of the form Q (cf 11.6), i.e. the 
emallest number of independent variables on which the form maj be 
brought by a non-singular linear transformation. In statistical applica¬ 
tions, this number of free variables entering into a problem is usually, 
in accordance with the terminology introduced by B. A. Fisher, denoted 
as the number of degrees of freedom (abbreviated rf. of /r.) of the 
problem, or of the distribution of the random variables attached to 
the problem. 

A 

Thus e. g. the variable x' ^ ^ considered in 

1 

18.1 are said to possess n degrees of freedom, since the quadratic 
form is of rank n. The corresponding distribution will accordingly 
be called the %**ciw<rt6u<wn with n degrees of freedom. 

Similarly the form -yj of rank n—p con- 

1 

sidered above will be said to possess n — p degrees of freedom, and 
the result proved above thus implies that the variable Q/o* is distri- 
huted in a yf distribution with n'-^-p degrees of freedom. 

The same terminology will often be applied also to other distri¬ 
butions. In the case of Student’s distribution, it is customary to say 
that the fr.f. en(a?) defined by (18.2.4) is attached to Student*s distri¬ 
bution with n degrees of freedom^ since the quadratic form in the de¬ 
nominator of the variable t as defined by (18.2.1) has the rank n. 
For Fisher’s r-distribution (cf. 18.3), we have to distinguish between 
the m d. of fr. in the numerator of (18.3.1), and the n d. of fr. in 
the denominator. 


29.3. The Joint distribution of t and s* in samples from a normal 
distribution. — We have already pointed out in 29.1 that the mean 
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i? of a sample of n from a parent distribation which is normal (m, a) 
is itself normal (m, a/Vn). We now proceed to consider the distribu¬ 
tion of the sample variance s* = mt» ~ ^ )' and, at the same 


time, the joint distribotion of £ and s*. Without loss of generality, 
we may then assume that the population mean m is saro, since this 
does not affect s*, and is equivalent to the addition of a constant to £. 

We thus assume that every Xt is normal (0, a), and consider the 
identity (cf 11.11.2) 


(29.3.1) 

1 1 

Now -+ i* the square of a linear form 

\r w y nj 

CyXi +-h c^x% such that c? H-+ ci ~ 1. We may thus apply the 

lemma of the preceding paragraph, taking in (29.2.2) p = 1 and 
y^saiVn£. Returning to the case of a general population mean m, 
we then have the following theorem first rigorously proved by R. A. 
Fisher (Ref. 97): 

The mean x and the vanance of a normal sample are independent, 
and X is normal (m, a/V^), while n«Va* is distributed in a x^-distrihu- 
tion with n — 1 degrees of freedom. 

It can be shown that the independence of x and s’ holds only when the parent 
distribution is normal (cf Geary, Kef. 115, and Lukacs, Ref. 160). On the other hand, 
we have seen in 27.4 that x and t’ are uncorrelated whenever the third central mo¬ 
ment of the parent distribution is sero. 

It follows from the theorem that the unbiased estimate (cf 27.6) 

of the variance, —has the fr. f. —T^V Com- 

M — 1 a* \ a* / 

1 ** 

paring with the fr. f. ~2^* given in the table at the end of 18.1, 

1 

n 1 ** 

it is seen that the variable-r s^ =-r Y (a?< — x)* is distributed 

n — 1 n — 1 ^ 

1 

as the arithmetic mean of n — 1 squares of independent normal (0, a) 
variables, in accordance with the fact that there are n ~ 1 d. of fr. 
in the distribution. 
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The mean and the variance of s* = have already been given in 
(27.4.5). By means of (18.1.5) we obtain the following general ex¬ 
pression of the moments 


(29.3.2) 




(n — l)(w -f- 1)(;2 -f 3) • (« -»- 2y -- 3) 

---or^ 


Hence we deduce the expressions for the coefficients of skewness and 


excess: 


y, = 7r=f * 

y fi ~~ l 




12 

ji — r 


For the s. d. .v — of the sample we obtain from the theorem, 

using Stirling’s formula (12.5.3) 


(29.3.3) 


E(A 



D^s) -- 



in accordance with the general expressions (27.7.1) and (27.7.2). 

In view of the great importance of the theorem on the joint 
distribution of Jr and a*, we shall now give another proof of the same 
result, using certain transformations of variables, combined with geo 
metrical arguments. As before, we suppose in the proof that wi = U. 

Consider the n-dimensional sample space Rn of the variables 

. . ., Xn. Our sample is represented by a variable point in this 
space, the sample point X(xx, . . j^n). Let Xii be the perpendicular 

from X to the line Xj .r, — • = x„. Then R has the coordinates 
(x, . . ., x) so that the square of the distance OR from the origin O 

_ n 

to R is n if*, and consequently XR* OX* — OR* — ^x\~ nx* = ns*. 

The joint distribution of the variables Xi is conceived in the usual 
way as a distribution of a mass unit over Rn, and the probability 
element of this distribution is 
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dP‘ 


(2»r)*o* 


1 > 

I ^ dXi . . . dXn- 


We now perform a rotation of the coordinate azee, such that one of 
the axes is brought to coincide with the line OB. This rotation is 

n 

expressed bj an orthogonal substitution where one of 

I 

the y<, say yn, is equal to Kn £ = + • • • -f We then obtain 

y n y n 

n % «-l 11—1 

2®* ** 2^^*“ + 2^** hence determinant 

11 1 1 
of the substitution being ± 1, we have by (22.2.3) 




1 


(27i)*flr» 

- 

(2n)^0^ 


dyx . . . dyn-i dyn 




dyi ... dyn-i d£. 


We further introduce the substitution 

(29.3.4) yi — Vnatu (» = 1, 2, . . w - 1), 

which signifies that we take the length XB^Vns as unit. How¬ 
ever, by the last substitution we have replaced the ti — 1 variables yt 
by n new variables s and . . ., Xn-i. Accordingly there is a relation 
between the new variables, which is found by squaring and adding 
the n—1 equations (29.3.4). We then obtain 

(29.3.6) 2^? = 1, 

1 

and thus one of the tu say Sn-i, may be expressed as a function of 
the n — 2 others, so that in (29.3.4) the old variables y|, . . ., y^.i 
are replaced by the new variables $ and Xj, . . ., Xn-a. For the Jacobian 

J of the transformation we have, since «=»- 

a Mi Xn-i 
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V'hb 

0 . . 

... 0 


1^1 1 

0 . . 







. 0 

VTiZf 

0 1 

y'ns.. 

... 0 

w-1 

0 

« 

1.. 

. 0 

. . . 

. . . 

. . . 


n * 




Vn Zn-2 

0 

0 . . 

. .Vn 8 


Zn-3 0 

0 . . 

1 

1 '^ 

y nZn^\ 

—V n 8 




—Zi 

—.fs . . 

. —Zh- 


Z^n—l 

^n-l 








n—l 

n-l 





= ( 

-1)"-’ 

^ n * _ 

n ^ s" 

-2 




-fn-l ^ ” 

1 

1 

•— tl-3 




To any system of values (y,, . . yn-i) 5 ^ (0, . . 0) we obtain from 

(29.3.4) and (29.3.5) a uniquely determined system of values of 
^ 1 , . . M and such that « > 0. On the other hand, to any given 

system of values of rn-a and s, such that 2*^5 ^ 5 > 0 , 

1 

there correspond two values of ^n~i with opposite signs determined 

by (29.3.5), viz. ^n-i == ± V^l -and thus two systems 

of values of the y*-, say y,, . . ., yn-a, ± yn-i. Both these systems yield 
the same value of the probability element dP and the modulus jeTj 
of the Jacobian, and thus we obtain by means of a remark in 22.2 
the expression 


dP= 


(2jr)“(T” 


dxdsdz. . . . d^n-2 

Ki-/*- 


Vn 

= 7/1'« 

aV^Tt 


n-l 

n\~r 




/w~ 1\ 



M 2 ) 

dzi . 

. . dZn-^ 


It - 


■ -S’n-a 


The probability element dP appears here as a product of three fac¬ 
tors, viz. the probability elements of i and s, and the joint probability 
element of .We thus see (cf 22.1.2) that x and 8 are in¬ 

dependent not only of one another, but also of the combined variable 
(xj, . . ., ^n-a), and that the distributions of x and s are those given 
by the above theorem.*) 

*) The same result can be obtained by means of the transformation + 

which has been used for this and other purposes e. g. by Behrens, Steffensen, Hasch 
and Hald (Ref. 60, 218, 206). 
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For a later purpose we finally observe that, in the i^neral case 
when the population mean m is not zero, the above transformation 
of the probability element may be written 


dP- 


1 


-j-2 {*«-«)• 


dXi . . . dXn 


(2/r)V* 

(29.3.6) 


fn 




a y27t 


dt 


. Kf --("i’)... 


Consider the effect of the above transformation on the expression 



(v > 2). 


By means of the identity (29.3.1), it is easily shown that every — x is transformetl 
into a linear combination of y,|.|. It then follows from (29.3.4) and (29.3.6) 

that is a function of 2 ,,.. only. Thus the three variables x, $ and 

are independent (Cf Geary, Ref. 116). 

Following Geary, we can use this observation to obtain exact expressions (tirst 
given by Fisher, Ref. 101) for the mean and the variance of the coefflcients 
and .Vi = — 8, instead of the asymptotic expression.s ('27.7.9\ 

It follows, in fact, from the independence theorem that 


E • E («.’>”) “ e (mj). 

SO that the mean value of can be calculated from £(m^) and E 

In this way we obtain 



(a».».7) 


D*(9.) 


«(» - J) 

tn + lHn + #)’ 




24w(n-2 )(n-l) _ 
(» + .l)*(n +'8)(n + 8)' 


Thun ia aCMted with • Degatira bias of order n~i, while g, ii unbiaaed. If, iaatead 
of g, and we conaider the analogona qnantitiea 


;2t.3.8) 


e. 


K, l^a(n —1) 

n - r 


/■» — 

'"•"SI' 


*L”J. 

‘(»^2)(n-3) 


((*» + 1) ffi + OJ. 
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where the IT* ere the onhleaed eeml-iiiTerient eetimetes of Fisher (cf 27.6), the bias 
diaeppeers, end we obteln 


(29.8.9) 


D’C©.)- 


6 w (e ~ 1) 

Ce-2)(e + l)(n+8)' 


DVG.) 


_ 24e(n- 1)« _ 

(H-8)(e-2)(e +8)(n -h 6)‘ 


29.4. Student's redo. — Consider the variables y- n (x — ni) and 

—~ when the parent distribution is normal (m, a). According: to 

n — 1 

the preceding paragraph, these two variables are independent, and 
l^ (x — m) is normal (0, a), while —s* is distributed as the arith- 

fi X 

metic mean of n — 1 squares of independent normal (0, a) variables. 
By the deBnition of Student's distribution in 18.2, the ratio 

(29.4.1) ^ ^ 

is then distributed in Studenfs distribution ivith n — 1 degrees of free¬ 
dom. Thus t has the fr. f. 



This can, of course, also be shown more directly. Assuming for 
simplicity m =» 0, we replace the sample variables Xj, . . ., Xn by new 
variables Vi, . . ., by means of an orthogonal transformation such 

that = Kn +-h Then n ^*=2 ^5 w x* =2 V* 

V n y n j 2 

thus 


t 
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where bj 29.2 the yt are independent and normal (0, o). We can 
then directly apply the argument of (18.2.1)—(18.2.4). 

If, io the first expression of t in (30.4.1), we replace —s* by its mean o*, we 
__ n — 1 

obtain the rariable Vn -—which ia obWonsly normal (0, 1). It follows from 30.6 
o 

that the difference t — Vn ^ — converges in probability to sero as n —► «. Accord¬ 

ingly by (20.3.8) the fr. f. of t tends to ^ 7 = e-**/® as n 00 . 

r 27t 


The variable t defined by (29.4.1) is known as Studeftfs ratio.') 
Its distribution was first discovered by Student (Ref. 221). whose 
results were then rigorously proved by B. A. Fisher (Ref. 97). 

As already pointed out in 18.2, the fr. f. an~i, as well as the vari¬ 
able t itself, does not contain a. As soon as we know m, we may 
thus calculate t from the sample values, and compare the observed 
value of t with the theoretical distribution. In this way we obtain a 
practically important test of significance for the deviation of the sample 
mean x from some hypothetical value of the population mean m (cf 31.2 
and 31.3, Ex. 4). 

Of even greater practical importance is the application of Student's 
distribution to test the significance of the difference between two mean 
values (R. A. Fisher, Ref. 97; cf 31.2). The sampling distribution 
relevant to this problem is obtained as follows. 

Suppose that we have two independent samples o^i, . . .. a?n, and 
Hu • • M yn,, drawn from the same normal population. Without loss of 
generality, we may assume m = 0. Let the mean and the variance of 


the first sample be denoted by = 



while y and are the corresponding characteristics of the second 
sample. We now replace all the Ui + n^ variables . . ., Xn„ yit . - yn, 
by new variables . . ., rn,+n«, by means of an orthogonal transforma¬ 
tion such that ff] = V^ii] X and = Vn^ y. The quadratic form 


1 1 


n,+»i, 

is then transformed into Q= 2 which shows that the rank, or 

_ s 

*) Student actually considered the ratio z ^ tlV n — 1 (x — m)/s. 
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the number of d. of fr., of is «j + — 2. If we define a random 

variable u by the relation 


(29.4.2) 


u = 



WtW,(y>, -f n, —2) 

Wj + w, 


a: ~ y 

'vt 


u is then transformed into 


^ 1 / »,»»,(», + w, — 2) J: — y 

r + 


~ K iTTiT/- 

l/= 


:2 2 




2 2 


where w and . . ., independent and normal (0, a). We can 

now once more apply the argument of 18.2, and it follows that the 
variable u is distnhuted in Students distribution with Wj + Wg — 2 d. of 
fr., so that u has the fr. f. 5ji,+w,-a(a5). This result evidently holds true 
irrespective of the value of m. — It will be observed that in this 
case neither the variable u nor the corresponding fr. f. contains any 
of the parameters m and a of the parent distribution. Thus we can 
calculate u directly from the sample values, and compare the observed 
value of u with the theoretical distribution (cf 31.2 and 31.3, Ez. 4). 


n n 

Consider the quadratic form n 2 5)* = 2 af* — »ic* in the n sample 

1 1 

variables Xg,..., assuming that the population mean m is sero. Replacing the x^ 
by new variables by means of an orthogonal transformation such that the two 
first variables are 


Vi 





yf 




jCg_ 

(n — V 


Vnin- 1) 


n 

the form n s* is transformed into 2 yj* Consequently the voriable 

2 


(29.4.8) 


T 


Xi — X 

8 


389 



29.4-5 


which cxpicMM the dcTictlon of. the Munplo taIoo Xi from the sample mean x, 
measured in units of the s.d. t of the sample, becomes 


T * 



Now y%^.. are independent and normal (0, c\ and thus by (18.2.6'! and (18.2.7) 
tbs rariable t has the fr. f. (cf Thompson, Ref. 226, and Arley, Ref. 68) 


1,29.4.4) 


yvn 








(I jf I < — 1). 


The fariable is then, by 18.2, distributed in Student's distribution with 

Vn-l-T* 

n 2 d. of fr. It follows from the deAnition of r that these results hold ir* 

Xf 

respeetive of the value of m. Any relative deviation —j— has, of course, the same 

distribution as r. These results are of importance in connection with the question 
of criteria for the rejection of outlying observations. 

Xi+-l-OPj 

Hore generally, if we consider the arithmetic mean *=*- j- -, where 

1 ^ ib < a, and write —, the variable has the fr. f. (29.4.4), 

and consequently the variable 

(a».4.6) f _ 8) 

Vn-k-kTl 


has Student’s distribution with n — 2 d. of fr. (Thompson, Ref. 986'y. This may be 
used for testing the signiAcance of the difference between the mean of a sub-group 
and a general mean (of 81.8, Ex. 6). 


29.5. A lemma. — We now proceed to the study of sampling 
distributions connected with a mulH-dimensional not'mal parent distri- 
bution. In this preliminary paragrsph, we shall prove certain results 
due to Wishart and Bartlett (Bef. 240, 241) that will be required in 

I flii . . . aul 

.... >, where atj, be a definite positive 

an . . . assJ 


matrix (cf 11.10) with constant elements, while X 
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. . Xkk 



29.5 


where Xij^ ia a variable matrix. Owing^ to the symmetry X oon- 
taina, of conrae, only 1) diatioct variables Xij. The determi- 

nanta of the matrices are denoted by A=^\aij\ and X = |a:/j|. 

Consider now the + l)-dimen8ional apace R^k{k+i) of the 

variables where ^ ^ 1. Let S denote the set of all points of this 

space aoch that the corresponding matrix X is definite positive, while 
is the complementary set. For any n > k, we now define a func¬ 
tion of the variables xtj by writing 


(29.5.1) /ii(a?ii, . . Xkk) 


w—1 n—k—Z 

CtnA ^ X ^ in 5, 

0 in S*, 


where Ctn is a constant depending on k and n, but not on the Ot j 
or the X/j. The sum is extended over i k and j = 1, . . k. 

We shall itoiv show that the constant Ctn way be so determined that 
/»{«,!, ...» Xkk) is the fr.f, of a distribution in R^k{k+i)- — The com¬ 
plete expression of Ctn is, in fact, 


(29.6,2) Ckn 


*(»“!) 

n 4 




For ifc== 1, (29.5.1)—(29.5.2) reduce to /n(a;)= —. ? -x * 

^(V) 

(x > 0, a > 0), which is evidently a fr. f. in Hi. 

For it > 1, we have to show that Ckn may be determined such 
that the integral of /» over the whole space R^k(k+i) is equal to 1. 
We shall first consider the particular case when .4 is a diagonal 
matrix (cf 11.1), so that a<j==0 for iy^j. Since A is definite posi¬ 
tive, we then have > 0 for i = 1, . . ., it. — In any point of the 
set 5, we have x<< > 0 for * = 1, . . ., A;. Introducing, for every xtj 
with i i, the substitution 

(29.5.3) Xij — yij VxnXjj, 

we have and X=^DYD, where D denotes the diagonal 

matrix with the elements Vx^, . . ., Vxkkt while 
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1 »ii • 

. yik 

y- 

yti 1 •• 

• yafc 


Vki Vki ■ ■ 

• 1 . 


Denoting bj Y the determinant of Y we thus have •.. Xkk Y. 

When X in definite positive, so is F, and conversely. The Jacobian of 


»-i 


the transformation (29.5.3) being ^ have 






c ? dXxi <lxx% . . . dxkk 


= I • • I (aSi, x„ . . . Xkk) e I dx^^dXk% . . . dxkk- 


■ f y dy,t. . . dyt-t.k, 

a* 


the integral with respect to the being extended over the set S' 
of all yij each that Y is definite positive. Obviously the integral 
with respect to the ptj, say «/», depends only on ^ and n, so that the 
whole integral reduces to 


n— 

(a„ «f„ . . . an) ’ 


£fkn 

n-l ’ 

A ^ 


where Ilkn depends only on k and n. Taking in (29.5.1) Ckn==H';^,l^ 
it follows that the integral of fnixuy . . ., ar^*) over the whole space 
is equal to 1, so that (being obviously non-negative) is the 
fr. f. of a distribution in JR| k(k+i). 

In order to complete the proof in the case when » 0 (or i j, it remains to 
verify the expression (29.6.2) for It follows from the above that we have to prove 

n-t-a r 

* dPii . . = T * 

for 2 ^ Ic < n. This may be proved by indnction, and vre shall indicate the general 
lines of the proof. For k 2, our relation reduces to 
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which in Ay be directly verified, since the substitution y* = z chaogeH the integral 
into A*Beta*function (cf. 12.4). Suppose now that our relation has been proved fora 
certain value of k, and consider Expanding the determinant under the integrol 

according to (11.6.8), we obtain for the expression 

f • ^Vk-i.k f ~ ^ ^ijyf,k+iyj.ki-i) * ^yi.it+1"•*+i 

S' iJ-l 


where the integral with respect to the y,* has to be extended over all values of 
k 

the variables such that ^ ^ijyt jfc + i ?// ^ • The latter integral may be evaluated 

i,j=i 

by the same methods as the integrals (11.12.3)--(11.12.4), and we obtain 



Thus the relation bolds for + 1. and the proof is completed. 


In the general case when A is any definite positive matrix, we 
consider the transformation 

(29.5.4) C AC CXC^Y, 


where C is an orthogonal matrix such that B is a diagonal matrix 
(cf 11.9). The set S in the x*space is transformed into the analogous 
set in the y-space. From the proof given above, it then follows 
that the function 


(29.5.5) 


9n(yn^ ■ ■ •. y**) = 


W~1 n-k-% 

C,nB ‘ Y ^ e in 5i, 

0 in aS*, 


is a fr. f. in the y-space. (Note that we have ^ j = 0for / j.) Now, 

since the determinant of C is equal to ±1, we have A = B and 
X ~ y, and it is further verified by direct substitution that we have 
^OijXij=^ ^hijyij. Thus if, in the distribution (29.5.5), we introduce 

ij i.j 

the transformation of random variables dedned by (29.5.4), we obtain 
according to 22.2 a transformed distribution with the fr. f. /n(a?ii, • •.^a a). 
Thus /n is a fr. f., and our assertion is proved. 
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In the pnrtienlnr ease k % there are three variablee Xu, Xtf and Xit » Xti. 
The set 8 is the domain defined by the inequalities Xn > 0» Xst > 0, xf« < Xn Xm. 
In 8 we haTe 


(afi.6.6) /„(xn,x„.x„) 

n—l n—4 

“ On - a!.) * (*11 ^tt - Jr?il * 


where (cf 12.4.4) 






Ontside 8 the fr. f. is sero. 


2 *“® 

n Fin — 2) 


We sball also consider the c. f. 9>ii(^ii, .... corresponding to the 
fr.f. . . .i Xkk) defined by (29.5.1). Let T== {tij] denote the sym¬ 

metric matrix of the yariables tij^ and put 

fort==y, 
for fVy. 


Since fn = 0 in the c. f. corresponding to the fr. f. is 


9>n(tn, • 



i Z •ij 

/n(a?ll, . • M Xkk)dx^^ . 


. . (IXkk- 


(In order to avoid confusion, we use here a heavy faced I to denote 
the imaginary unit, as already mentioned in 27.1.) For the 

integral is equal to 1, so that we have 


/ 


n-b-t - j; a^j tfj 

X * € dXii 


. dXkk=^ 


I 

'n~ l * 


CknA^ 


Beplacing here Oij by and denoting by A* the deter¬ 
minant A^ we obtain finally the expression 

'"•'‘■’I . 

for the c. f. corresponding to the distribution (29.5.1).') 


39.6. Sampling from a two-dimensional normal distribution. — 
In a basic paper of 1915, E. A. Fisher (Ref. 88) gave exact expressions 

*) logham (Rsf. 180) has shown dirsctly that the c.f. (29.6.7) gives, according to 
the inversion formula (10.6.8), the fr. f. (29.6.1). 
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for oertoin sampling disiribniions connected with a two-dimensional 
normal parent distribution. We shall now prove some of Fisher's 
results, using the method of characteristic functions first applied to 
these problems bj BomanoTskj (Bef. 208, 209). It will be found that 
the distributions obtained are particular cases of the distributions 
considered in the preceding paragraph. 

Consider a non-singular normal distribution in two variables (cf 
21.12). Without loss of generalitj, we may assume the first order 
moments equal to sero, so that the fr. f. is in the usual notation 


27r<TiflriK I — p’ 


__!_ 

^ 9 (1-^) oy 


1 _ 


where If ~~~ == ciorl(l — p*) is the determinant of the mo¬ 
ment matrix M = r “ From a sample of n observed pairs of 

fhi) 

values (aTif^i), . . ., (a^n, yn), we calculate the moment characteristics of 
the first and second orders (cf 27.1.6) 

y=^2s'<. 

"2*’— 

" t ” i 

(29.6.1) ^ ^ 

m,t = = — y) — ;:2®'y<~ 

n ^ 

wof = »? = i2(»'-»)* = ^2yJ —y*- 


We now propose to find tie joint distribution of the five random 
variables x, y, mu and m^,. The c. f. of this distribution is a 
function of five variables and viz. 


(29.6.2) 


I (^1 *+^iy **ii+^***>«)^ = 


- f 

(2nYm^ 


. . . dxndy^ . . dyn^ 


where 


1 " 

Si = i {ti S' +•••-!" ^os) *^^11^' y* ”t‘ M’to y^)' 
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and the integral is extended over the 2 it-dimeneional space of the* 
▼ariables a:,, y*,. 

We now replace a;,,. . .» arw bj new Tariables fn by meavia 

of an orthogonal transformation snch that $| = Vn x, and apply a 
transformation with the same .matrix to yj, . . yn, which are thna 
replaced by new Tariables ly* snch that We then have 


111 1 
n n 


and hence 


1 1 

n 

nm„= ^r/l 
2 


12 


< 




Introducing this expression of 12 in (29.6.2), the transformed 2n fold 
integral reduces to a product of n double integrals, which may be* 
directly evaluated by means of (11.12.1) and (11.12.2). The joint c. L 
(29.6.2) then takes the form 


(29.6.3) 

where 


”".J^ / id \ j 

« Uv ’ 


A = 


2M 

2Jlf 


njfn 

2M 

WMfO 

2M 


43f’ 


A* = 


23f ^ 23f 

. ^Uhi — lit !***«» _ i 4 

23f ***" 2ilf ““ 
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The joint c. f. (29.6.3) is a product of two factors, the first of which 
contains only the variables and while the second factor contains 
only and Th« factor is, by (21.12.2), the c. f. of a 

normal distribution with zero mean values^) and the moment matrix 
The second factor, on the other band, is a particular case of 
the c. f. (29.5.7). In fact, if we take in the preceding paragraph A-=2 and 



the c. f. (29.5.T) reduces to the second factor of (29.6.3). The corres¬ 
ponding distribution is then the particular case A; = 2 of (29.5.1), 
(which has already been given in 29.5.6), with the variables o^jj, Xj, 
and a:,, replaced by Wgo» win ^-^^d Wq, respectively. Thus by 22.4 we 
have the following theorem: 

The combined random variables (.f, y) and (wijo, win. ^oi) indepen¬ 
dent. The joint distribution of x and y is normal^ with the same first 
order moments as the parent distribution^ and the moment matrix n""^ M. 
The joint distribution of m^, Wn and mo, has the fr.f fn given bff 

(29.6.4) /«(mw, Wu. »«ot) = 

n~4 

(m^mQf — m?i) 

A7cr(n — 2 ) — ^ 

M ^ 


in the domain > 0, wio, > 0, mji < m^m^y while /n = 0 outside this 
domain. 

The mean values and the moment matrix ol the flve sample moments may be 
calculated from the o. f. (29.6.8). We find, e. g., ^/m,o. /Un, 

E (m,,) =* ^ /4o,, in accordance with 27,4 and 27.8. 

ti 

29.7. The correlation coefficient. — In the joint distribution (29.6.4) 
of the variables m,o» ^9 ^9^ introduce the new variable 

') If, more generally, we consider a parent distribution with arbitrary mean values, 
we obviously obtain here the same means as for the parent distribution. 
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r by the substitution rVm^m^, so that r is the correlation 

coefficient of the sample. By (22.2.3), we then obtain the following* 
expression for the joint fr. f. of and r: 


'V WtoWot MfUtt, Wo,) = 


4 7r F (n ■ 


I 

2) 3f'»‘ 


W—1 H—* 

tw,.? m„, 


(l-r*)' 




where »n,o ^ 0, >0, r* < 1. The marginal fr. f. of r is now ob¬ 

tained by integrating the joint fr. f. with respect to and from 

. 

0 to 4 - 00 . If the factor is dereloped in power senes, 

the integration can be explicitly performed, and we thus obtain the 
/r./. of the sample coi'relation confident r: 


(29.7.1) /n(r) = 




7r(« — 3) 


r(l-pv‘(l 


n—4 00 

■ r V 




-l\( 2 p,r 

f^! 


for — 1 < r < 1, The power series appearing in this expression may 
be transformed in various ways. We find, e. g., by simple calculations 
the expansion 


/ 


( 1 —pr.r)"“‘ 


dx __ 2"-’ V r*1 \ li?!)’ 

\ 2 / »! 


and hence obtain the following expression for the fr. f. of r: 


n _9 W-I n-4 r 

(29.7.2) /.(r) (1 - p*) » (1 - » ‘) V I 

7t ^ (1 —pi 


dx 


rx)**“' VT^x^ 


The distribution of r was discovered by R. A. Fisher (Ref. 88). 
We observe the remarkable property that the distribution of r only 
depends on the size n of the sample and on the correlation coefficient 
p of the population. 

For « = 2, the fr. f. fn (r) reduces to zero, in accordance with the 
fact that a correlation coefficient calculated from a sample of only 
two observations is necessarily equal to ± 1, so that in this case the 
distribution belongs to the discrete type. For n = 3 the frequency 
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Fig. 39 A. Freqoeney coftm for the correlotion ooeffieieiit r in aninples from a 
normAl popnlAtion. n « 10. 

carve is r^-shaped, with infinite ordinates in the points r=»± 1. For 
n = 4 we have a reotangfular distribution if p = 0, and otherwise a 
J’-shaped distribntion. For n > 4, the distribution is unimodal, with 
the mode situated in the point r»0 if p = 0, and otherwise near 
the point r » p. Some examples are shown in Figs 29 a—b. 

The distribution of r has been studied in detail bj several authora 
(cf e. g. Soper and others, £ef. 216, and Bomanovsky, Ref. 208), and 
extensive tables have been published by David (Ref. 261). Varioua 
exact and approximate formulae for the characteristics of the distribu¬ 
tion are known. Any moment of r can, of course, be directly calcul¬ 
ated from (29.7.1), but we shall here content ourselves with the 
asymptotic formulae for E (r) and D* (r) for large n that have abeady 
been given in (27.8.1) and (27.8.2). 

For practical purposes, it is often preferable to use the trans¬ 
formation 

(29.7.3) * = * log C = 1 log J. 

introduced by R. A. Fisher (Ref. 13, 90). Fisher has shown that the 
variable g is, already for moderate values of n, approximately nor- 
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mallj distributed with meau and rariance given by the approximate 
expressions 

(29.7.4) *w-c+2r,?rn’ 

Thus the form of the r-distribution is, in the first approximation, in¬ 
dependent of the parameter p, while the distribution of r changes its 
form considerably when q varies. It is instructive to compare in this 
respect the illustrations of the r- and r-distributions given in Figs 
29 and 30. Cf further 31.3, Ex. 6. 

In the particular case p = 0, the fr. f. (29.7.1) reduces by (12.4.4) to 


(29.7.5) 



a form conjectured by Student (Ref. 222) in 1908. We have already 
encountered this fr. f. in other connections in (18.2.7) and (29.4.4). 


By 18.2, the transformed variable t - 




is in this case 
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tioD. n »» 10. 



distributed in Student’s distribution with n 2 d. of fr. If tp denotes 
the p % value of t for w — 2 d. of fr. (cf 18.2), we have the prob¬ 
ability p% of obtaining^ a value of t such that \t\> tp, and this 
inequality is equivalent with (cf 31.3. Ex. 7) 
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(29.7.6) 


29.8 


29.8. The regression coefficients. — The regression coefficients of 
the parent distribution 




^11 


A. 




have been defined in 21.6. In accordance with the general rules of 
27.1, the corresponding regression coefficients of the sample will be 
denoted by 


(29.8.1) 


= ft 

*nto «i ’ '* mm «» 


It will be sufficient to consider the sampling distribution of one of 
these, say The distribution of 5,* can then be obtained by per¬ 
mutation of indices. 

In the joint distribution (29.6.4) of m^o, wi,, and wIq,, we replace 
will by the new variable by means of the substitution 
We can then directly perform the integration, first with respect to 
7 Ho 2 values such that m^Qhhy and then with respect to 

wi^o <■ v<.‘r all positive values. In this way we obtain the following ex¬ 
pression for the fr.f. of the sample regression coefficient 6,,: 


(29.8.2) 


n~l 

M » 


^ 0*10— 2Mu + Mot)’ 


This distribution was first found by K. Pearson and Romanovsky 
(Ref. 185, 210). If we introduce here the new variable 

(29.8.3) t = (*.. - A.) = (6.. - A.). 




<7, YY 


where it is found that t is distributed in Student's 

distribution with w 1 d. of fr. 

If we compare the distribution of 6|, with the distribution of r, 
it is evident that the former has not the attractive property belonging 
to the latter, of containing only the population parameter directly 
corresponding to the variable. The fr. f. (29.8.2) contains, in fact, all 
three moments f^n want to calculate the 

quantity i from (29.8.3) in order to test some hypothetical value of 
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we shall have to introduce hypothetical values of all these three 
moments. In order to remove this inconvenience, we consider the variable 


(29.8.4) 




s^ K w — 2 


(^11 “■ 


where the population characteristics (x,, and q occurring in (29.8.3) 
have been replaced by the corresponding sample characteristics .v,, .vj 
and r, while the factor \ n — I has been replaced by V n — 2 if this 
variable t* is introduced instead of in the joint distribution (29.0.4), 
the integration with respect to win and m,,,) can be directly performed, 
and we obtain the interesting result that t' is distributed in Student's 
distribution tvith n — 2 d. of fr. (Bartlett, Ref. 54.) The replacing of 
the population characteristics by sample characteristics has thus re¬ 
sulted in a loss of one d. of fr. — When it is required to test a 
hypothetical value of we can now calculate t' directly from an 
actual sample, and thus obtain a test of significance for the deviation 
of the observed value of from the hypothetical (Cf 31.3, Ex. (>.) 


29.9. Sampling from a ^-dimensional normal distribution. -- The 
results of 29.6 may be generalized to the case of a Ar-dimensional 
normal parent distribution. Consider a non-singular normal distribu¬ 
tion in k dimensions (cf 24.2). Without loss of generality, we may 
assume the first order moments equal to zero, so that the fr. f. is 
(cf 24,2.1) 


(29.9.1) 


1 




(2nfl‘^VA 


1 

(2nf '^a, . 


. Ok 1 P 




iLfi 


where {I, j} is the moment matrix, and P-- the correlation 
matrix of the distribution (cf 22.3). A and P are the corresponding 
determinants. Throughout this paragraph, the subscripts i and j will 
always have to run from 1 to h. 

Suppose now that we dispose of a sample of n observed points 
from this distribution. Let the nth point of the sample be denoted 
by (xiv, X 2 vy . . ,, Xkv), where 1, 2, . . w, and suppose n > k. We 
then calculate the moment characteristics of the first and second order 
for the sample. According to the general rules of 27.1, and the nota¬ 
tions for the corresponding population moments introduced in 22.3, 
these will be denoted by 


403 




29.9 


*=i 

(29.9.2) = 

*-=1 

1 ^ 

hj = Vi jStSj — - 2 ^i) (^J * ““ ^>)- 

There are k sample means xu and k variances l{i=-s). Further, since 
there are JA:(A; —1) distinct covariances Uj with ij^j. The 
total number of distinct variables hj is thus }A;(A;+ 1). 

The matrices L = [lij] and ll={rt^} are the moment matrix and 
the correlation matrix of the sample, while the corresponding deter¬ 
minants are L = \lij\ and = |r,-^|. 

The joint distribution of all the variables Xi and hj can now be 
found in the same way as the corresponding distribution in 29.6. In 
direct generalization of (29.6.2), we obtain for the joint c. f. of all 
these variables the expression 


(29.9.3) 


in n f 

(2 Tty 


i i,j »=1 i,j 


where the integral is extended over the itn*dimensional space of the 
variables a;,> (i = 1, . . ., A;, y = 1, . . ., n), while as in 29.5 we write 
j = 1 for i == jf and j = J for i ^ j. 

For every i, we now replace the set of n variables xn, . . xtn by 
11 new variables ^n, . . ., |<ni by means of an orthogonal transformation 
such that using the same transformation matrix for all 

values of i. We then have for all i and j 


n n 

2 “ 2 ’ 

n n 

ftli j Xitr Xjv n Xi Xj 

rsal 

and hence 
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(29.9.4) 

-;i2(lX-“''''')«-6- 

»*a rf.i ' 

Introducing: this expression of jQ in (29.9.3), the integral may be 
evaluated in the same way as the corresponding integral in (29.6.2), 
and the joint c. f. (29.9.3) assumes the form 

(29.9.6) 

where A and denote the determinants of the matrices 


and 








Thus in particular A^{\nY In the same way as in 29.6, the 
joint c. f. is a product of two factors, the first of which is the c. f. 
of a normal distribution, while the second is of the form (29.5.7), 
and thus corresponds to a distribution of the form^ (29.5.1), with 
A == j and the matrix of variables X = L = {lij}. Denoting by 

S the set of all points in the l)-dimen8ional space of the 

variables lij such that the symmetric matrix L is definite positive, 
we thus obtain the following generalization of the theorem of 29.6; 

The combined random variables (^r^, . . ., xi) and (In, 2,„ . . ., hkj are 
independent. The joint distribution of Xi, .... xt is normal, with the 
same first order moments as the parent distribution, and the moment 
matrix n'~^ A. The joint distribution of the \Jc[k 1) distinct variables 
lij has the fr.f fn given by 


(29.9.6) fn (l„, ...,/»*)= 




ij 


for every point in the set S, while /n = 0 in the complementary set S*. 
The constant Ctn is given by (29.5.2). 
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This theorem was first proved by Wishart (Ref. 240) by an ex¬ 
tension of the gr^ometrical methods due to R. A. Fisher, and then by 
Wishart and Bartlett (Ref. 241) by the method of characteristic 
functions. We also refer to a paper by Simonsen (Ref. 213 a). 


29.10. The generalized variance. — The determinant L=^\lij\ re¬ 
presents the generalized variance of the sample (cf 22.7). Following 
Wilks (Ref. 232), we shall now indicate how the moments of L may 
be determined. For the explicit distribution of L, we refer to Kull- 
back (Ref. 143). 

The integral of the fr. f. fn in (29.9.6) over the set S is obviously 
equal to 1. Now the set S is invariant under any transformation of 
the form Wtj = a where a > 0. Taking and writing W ^\wi j |, 

we thus obtain 



Since this relation holds for all values of n> ky we may replace n 
by It 'f 2v and then obtain, after reintroducing the variables />j, 


L * • • • dU, 


l^\ » 1 

\ »•* / r*.. 


-^--1 * this gives, taking account of 

(29.9.6) and (29.5.2), 

for n + 2 V > k, i. e. for any »» > —• i (w A:). In particular we have 

F / r \ ^ 1 

11 * 

J _ ^(2 1 — k)_ (n_— IJ* . . . (M - A-)* t 

(n-k){n-k^ 1 )’ " 


For a one-dimensional distribution iA:=l) we have L ■= l^^ ^ and 

406 




29.10-11 


A » a*, and the above expression for E (L*) then reduces to the for¬ 
mula (29.3.2). 


29.11. The generalized Student ratio. — Consider now a sample 
from a it-dimensional normal distribution with arbitrary mean values 
mp m,, . . ., mtj and denote by fij the product moments about the 
population mean: 

1 " 

(29.11.1) /.'i = - y (x^* — IW^) (Xjf. ~ »^) = hj + (fi — mi) (Xj — mj), 

n 


where the Xi and the Uj are given by (29.9.2). 

There are \1c(k + 1) distinct variables tij. If we write == — wa„ 

the joint c. f. of the lij becomes 


where 


—— r 

i! - f 

(2 7r)M»*' 




12' = i 2 “ 2^ 2 


t'J 


ij 




»*i *‘.i 


Comparing this with (29.9.3) — (29.9.5) we find that the c. f. of the 
lij is (il/A*)**'*, where A and A* denote the same determinants as in 

(29.9.5) . It follows that the joint fr. f. of the lij is obtained if, in 

(29.9.6) , we replace n by » + 1, except in tb** two factors and 


2A 


which arise from the matrix A. 


Writing V = \t(j\, we then obtain by the same transformation as 
in the preceding paragraph 


E(L'^)- 



for any /i > — J (w 4- 1 — ifc). — On the other hand, according to (29. Ill) 
V is a function of the random variables hj and Xi — nti, and the 
joint fr. f. of all these variables is by the theorem of 29.9 
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9(§,l}= - 

(2 «)»KA 




/nil), 


where /n(l) =/ii(iit./«, • • ■, itt) is given by (29.9.6). Thus we may 
also write 


E(LV) = /LV^d, Ddgdl, 


where the integfral is extended over the set S (defined in 29.6) with 
respect to the Z<j, and over (— 00 , 00 ) with respect to every Here 
we may now apply once more the transformation of the precedin^i^ 
paragraph, writing tVij^nUj and i 7 <==V^f», and then replacing n 
by n -f 2 v. Equating the two expressions of E(//^), we then obtain 
for any v > 0 and fi> — v — i(n-h 1 — k) 


E(L^r»=^ 



r(” * 

_1 4 ^ »* 4 _ •#! 

2 

- "r fl -r Vi 

r/”— 



2 ^7 


Taking n ™ - v, this reduces to 


E 




Thus by (18.4.4) the variable LilJ has the same moments as the Beta- 
distribution with the fr. f, 

(29.11.2) ^) 

(0 < X < 1). 



Since a distribution with finite range is uniquely determined by its 
moments (cf 15.4), it follows that LtL has the fr. f. (29.11.2). On 
the other hand, we obtain from (29.11.1) 
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•+■ 2 {£j — w?j), 

u 

L __1_ 

where Ltj is the cofactor of Itj in L. The quadratic form in the de¬ 
nominator is non-negative, since L is the moment matrix of a distri¬ 
bution, viz. the distribution of the sample. — If we now introduce a 
new variable T by writing 

(29.11.3) T* =(n-- 1) ~ — rnjY 

ij ^ 

where T ^ 0, we have 

L 1 


and by a simple transformation of (29.11.2) the fr.f. of T is found 
to be 


(29.11.4) - 

(w 



(x > 0). 


For A;== 1, this reduces to the positive half of the ordinary Student 
distribution (18.2.4) with n — 1 degrees of freedom. The distribution 
of T has been found by Hotelling (Bef. 126), and the above proof is 
due to Wilks (Ref. 232). 

Just as the ordinary Student ratio t may be used to test the signi¬ 
ficance of the deviation of an observed mean x from some hypothetical 
value m, the generalized Student ratio T provides a test of the joint 
deviation of the sample means Xk from some hypothetical 

system of values m„ . . ., m*. 

In 29.4, we haTe shown how the Student ratio may he modified so as to provide 
a test of the difference between two mean values. An analogous modification may 
be applied to the generaliaed ratio T. 

Suppose that we are given two samples of and tii individuals respectively, 
drawn from the same 1-dimensional normal population, and let tnj 
denote the meana, variances and covariances of the two samples. Let further H 
denote the matrix 
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H ■■ {n, /j *• III L, -f **| L|, 

while H and are the oorreaponding deterttinant and its cofactors. Writing 
(a#.u.5) v* _ ^iiQu - . - ?,,) 

where I' it 0, it can be shown by the same methods as abore tdiiit U has the fr. f. 
29.11.4; with n replaced by n, -f — 1. The espression ^,29.11.6) is entirely free 
from the parametere of the parent distribution, so that U can be directly calculated 
from a sample and used as a lest of the joint divergence between the two systems 
fj, and of sample means. For /(«■!, it will be seen that is identical with 

u* as deflned by ;29.4.2.. 


29.12. RagrMslon coefficienta. — For a two dimenBional distribu¬ 
tion we have seen that the variable (29.8.4), which is simply connected 
with a sample regfrestion coefficient, has the ^distribution with n — 2 
d of fr. This result has been g^eneralised by Bartlett (Ref. 54) to 
distributions in any number of dimensions. 

Replacing in (23.2.3) and (23.4.5) the population characteristics 
by sample characteristics, we obtain for the regression coefficient 
34 k the expressions 


3 4 




.34 


34 k 

k - 

^^3 84 * 


where the residual variances n may be calculated from the sample 
correlation coefficients r as shown by the first relation (23.4.5). 

If u .k denotes the population value of the regression co¬ 
efficient, the variable 

!29.12.1) <= r«--,) 

38 * 


has Student's distribution with n — ib d. of fr. In the same way as 
in the case of (29.8.4), we can thus obtain a test of significance for 
the deviation of the observed value 5 of a regression coefficient from 
any hypothetical value (Cf 31.3, Ex. 7.) 


29.13. Partial and multlpla corralatlcMi coefficlanta. — We now 
proceed to some further applications of the distribution (29.9.6), re¬ 
stricting ourselves to the particular case when the k variables in the 
notmal parent distribution are independent. In this case kij, Qi) and Atj 
all reduce to xero for i j, so that the moment matrix A is u dia¬ 
gonal matrix, while the correlation matrix P is the unit matrix (cf 22.3). 
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In the joint distribution (29.9.6) of the hj, we replace the hj with 
i^j by the sample correlation coefficients iVj, by means of the sub¬ 
stitution h j = f’ij VIu fjj. We then have L —. hkfl, where 
Jl r=s |rt^ | is the determinant of the correlation matrix R of the sample. 
The Jacobian of the transformation (cf the analogfous transformation 
29.5.3) is (III • • • joint fr. f. of the variables , and r, j 

becomes by (22.2.3), in the particular case considered here, 


Ctn 




2* l„ i., 


dll 


ti-3 I 

. . hi)~ R 


-k-l 


^ I 
I '-tt 


for /a > 0 and all values of the r,j such that the matrix R is definite 
positive. For all other values of the variables, the fr. f. is zero. 

We can now directly integrate over (0, ») with respect to every 
After introduction of the value (29.5.2) of we obtain the jo/rtt 
f- of the sample correlation coefficients Vij : 


(29.13.1) 


7C * 


('■1 

fn — 



(- 

-2' 
2 j 


'n - k\ 

f - ) 


•i 


According to the terminology of Frisch (Ref. 113), the determinant 
R ' » the square of the scatter coefficient of the sample (cf. 22.7). The 
ro ments of R may be determined by the method of 29.10. Denoting 

Ti~»-a 


by Bkn the factor of R ^ 
(29.13.2) 


in (29.13.1), we find, e. g., 
wiv\- __ (n-2 )(n-3). ..(>>-A:) 


D'W 






The partial correlation coefficient between the sample values of the 
variables x, and x,, after elimination of the remaining^ variables 
X,. x,, . . Xt, is bj (23.4.2) 


(29.13.3) 


Tia. 84... t = 


_ ?li_ 
^RnRu 


where the Rij are the usual cofactors of R. In the particular case of 
an uncorrelated parent distribution considered here, the corresponding 
population value pia M...* is, of course, equal to zero. 
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In order to find the distribntion of we reg^ard (29.13.3) 

M a substitution replacing ri% by a new variable 84 ... while all 
the Tij except rn are retained as variables. En and E^ do not 
involve and thus (29.13.3) can be written, using notations analo> 
gous to those of 11.5, 


ria. 84.. jfc 


-Rll .M 


Q, 


where Q does not involve ri 2 ‘ This shows that there is a one-to-one 
correspondence between the two sets of variables. The Jacobian of 
the transformation is 


^>‘12 84...*: J?n 22 


From (11.7.3) and (29.13.3) we further obtain 


U \1 ^12 • 34 . . k')‘ 

itn • 22 


Introducing the substitution (29.13.3) in (29.13.1), we thus find that 
the joint fr. f. of ri 2 . 34 ...i: and all nj other than ri 2 is 




R * 
^11 • 22 


(1 - ri2.34 . . . >) ^ 


where C is a constant. This is the product of two factors, one of 
which depends only on rn • 84 ... ib, while the other depends only on the 
Ti j. Since the variable ris. 34 ... * obviously ranges over the whole 
interval (~ 1, l), the multiplicative constant in its fr. f. is easily de¬ 
termined, and we have by (22.1.2) the following theorem: 

The partial correlation coefficient ru.ai . k is independent of all the 
rij other than rjj, and has the fr.f 


(29.13.4) 


y 7t 



2 


(— 1 < 0 ? < 1 ). 


We observe that by (29.7.5) the total correlation coefficient ri^ 
has in the present case the fr. f. 
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In order to pass from the distribution of to the distribution of 
ria. 84 ...*» we thus only have to replace n by n — (k — 2\ i. e. to sub¬ 
tract from n the number of variables eliminated. R. A. Fisher (Ref. 
93) has shown that this property subsists even in the sT^neral case 
when the variables in the parent distribution are not independent. 

In the case of independence, it follows (cf 29.7) that the variable 

t = Vn — A; , where r = ria.S 4 ... has Student s distribution 

V 1 — r* 

with w — it d. of fr. Consequently the inequality 
(2».13.6) 

where tp is the p % value of t for n — k d. of fr., has the probability 
p%. (Cf 31,3, Ex. 7.) 

The multiple correlation coefficient ri (a. .. k) between the sample 
values of Xi and (o^a, . . ., a;*) is, by (23.5.2), the non-nefj^ative square root 

(29.13.6) 

The corresponding population value pi(a ..8) is, in the present case 
of an uncorrelated normal parent distribution, equal to zero. We 
now propose to find the distribution of ri(a...<). 

In the joint distribution (29.13.1) of the we replace the A: — 1 
variables r^a, n* by the k new variables r == ri (a ... 4 ) and 

by means of the relations (29.13.6) and 

ru^Zir, (* = 2, 3, . . A). 

Between the new variables, we then have by (11.5.3) the relation 

k 

i.j=2 

by which one of the Zi, say may be expressed as a function of 
the other Zi and the rtj with * > 1 and y > 1. The Jacobian of this 
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transt'ormation is 







Oz^ 

Ozo 

dzt 


d *12 

t>rit 




'^77. 

^ dzk 

dr 


d Zk 



r 

0 

0 

dr Ik 

drik 

drik 


^4 

0 

r • 

. 0 

dr 


0 Zk 


Zk 

0 

0 

r 


= Q\ 

where Q' does not involve r. Further, we obtain from (29.13.H) 
— r*), and thus the introduction of the above substitution 
in (29.13.1) yields an expression of the form 

n-k-i 

r*-M1-r*) »■ Q", 

for the joint fr. f. of the new variables, where does not involve r. 

Thiis the multiple correlation coefficient rm.. ,k) is independent of 
all the Yij with i > I, j > 1, and has the fr. f. 


(29.13.7) 



(0 < a: < 1). 


The square r* has the Beta-distribution with the fr. f. 


(29.13.8) 




n-t-a 

X * (1 — ar) * 


The distribution of r was found bj R. A. Fisher (Ref. 94), who 
also (Ref. 98) solved the more general problem of finding this distri¬ 
bution in the case of an arbitrary normal parent distribution. In this 
general case, the fr. f. of r may be expressed as the product of the 
function (29.13.7) with a power series containing the population value 
pi ( 3 .. *), in a similar way as in the case of the ordinary correlation 
coefficient (cf 29.7.1). 

Let us finally consider the behaviour of the distribution of r* for 
large values of n. The variable nr* has the fr.f. 
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n-*-2 

2 


When this tends to the limit 


(29.13.9) 


1 


k- 
2 2 



k~S 
JC 2 


e 


2 , 


which is the fr. f. of a z**<li*tril>ution with A: 1 d. of fr. (cf 31.3, Ex. 7). 
Thus the distribution of r* does not tend to normality as n —» oo. 
According*ly, we obtain from (29.13.8) 


E(r^) 


Jc ~ 1 

» - - 1 ‘ 


D*|r*) 


2{k l)(n - k) 
(n - l)*(w -f 1) 



so that we have here an instance of the exceptional case mentioned 
at the end of 28.4, where the variance is of a smaller order than 
and the theorem on the converjjence to normality breaks down. This 
takes, however, only place in the case considered here, when the po¬ 
pulation value Q is equal to zero. When p 9^ 0, the variance of r* is 
of order «“*, and the distribution approaches normality as n -* <x>. 
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Chapters 30-31. Tests of Significance, I. 


CHAPTER 30. 

Tests of Goodness of Fit and Allied Tests. 

30.1. The X* ^ A completely specified hypothetical 

distribution. — We now proceed to study the pro blem of testing the 
agreement between probabiJUt^-lh^X and. actual observations. In the 
present^ paragraph, we s hall consi<^r the situation indicated in 26.2, 
when a^sample of ti observed values of some variable (in any number 
oF^dimensions) is given, and we want to know if this variable can be 
reasonably regarded a s a random yarjable EavTiig a given probability 
di stri bu^n. 

Let us denote as hypothesis H the hypothesis that our data form 
a sample of n values of a random variable with the given pr. f. P(xV). 
We assume here that P(S) is completely specified^ so that no unknown 
parameter appears in its expression, and the probability P[S) may be 
numerically calculated for any given set S. It is then required to 
work out a method for testing whether our data may be regarded as 
consistent with the hypothesis H. 

If the hypothesis H is true, the distribution of the sample (cf 25.3), 
which is the simple discrete distribution obtained by placing the mass 
l/« in each of the n observed points, may be regarded ^ statistical 
imaye (cf 25.5) of the parent distribution specified by P(S). Owing 
to random fluctuations, the two distributions will as a rule not coin¬ 
cide, but for large values of n the distribution of the sample may be 
expected to form an approximation to the parent distribution. As 
already indicated in 26.2, it then seems natural to introduce some 
measure of the deviation between the two distributions, and to base 
our test on the properties of the sampling distribution of this measure. 

Such deviation measures may be constructed in various ways, the 
most generally used being that connected with the important test 
introduced by K. Pearson (Ref. 183). Suppose that the space of the 
variable is divided into a finite number r of parts . . ., Sr without 
common points, and let the corresponding values of the given pr. f. 
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be pi. . . , Pr, so that pt = P(Si) and ^Pi = 1- We assume that all 

the pi are > 0. The r parts Si may, e. g., be the r groups into which 
our sample values have been arranged for tabulation purposes. Let 

the corresponding group frequencies in the sample be vi, . . Vr, so 

/■ 

that ri sample values belong to the set S,, and we have = it. 

1 

Our first object is now to find a convenient measure of the devia¬ 
tion of the distribution of the sample from the hypothetical distribu¬ 
tion. Any set Si carries the mass Vi/n in the former distribution, 
and the mass pi in the latter. It will then be in conformity with 
the general principle of least squares (cf ]5.()) to adopt as measure 

r 

of deviation an expression of the form ^Ci(vJn — where the 

1 

coefficients c, may be chosen more or less arbitrarily. It was shown 
by K. Pearson that if we take Ci~ -n/pi, we shall obtain a deviation 
measure with particularly simple properties. We obtain in this way 
the expression 

, ^(vi-np.Y V 

^ iipi ^np, 

Thus Is simply expressed of .the ohserved fr equoncien v, 

and i\\Q Jrequemies^ npi iox alLr groups. 

We shall now investigate the sampling distribution'of x', assmnitKj 
throughout that the hypothesis H is true. It will be shown that we have 

E(x*)=r-1, 

(30.1.1) |,*(jj.)^2(r-l) +2r+ 2j ■ 

We shall further prove the following theorem due to K. Pearson 
{Ref. 183) which shows that, as the size of the sample 
sampling diatrib 3 ^on_of j'* tends fp a limiting distribution completely 
independent~of"i;he~hypathetical pr^J. P{S). 

As n oo^ the sampling distribution of yf tends to the distribution 
defined by the fr. f, 

(30.1.2) hr- , (x) = -7rr-7-^-,T ' . (x > 0) 

2-ri(V) 


417 



30.1 


studied in 18.1. — Using the terminology introduced in 18.1 and 29.2, 
we may thus say that, in the limit, is distributed in a ’distribution 
with r — 1 degrees of freedom. 

At each of the n obserTations leading to the n observed points in 
our sample, we have the probability pi to obtain a result belonging 
to the set St. For any set of non-negative integers Vj, . . ., Vn such 

r 

that 2^* ~ probability that, in the course of n observations, 

1 

we shall exactly v< times obtain a result belonging to for 
i -- I, . . ., r, is then (cf Ex. 9, p. 318) 


which is the general term of the expansion of (jpi -f -f prY. Thus 
the joint distribution of the r group frequencies . . ., Vr is a simple 
generalization of the binomial distribution, which is Enown as the 
mul tinomial distr tbufjghT The joint c. f. of the variables vj, . . ., Vr is 

+ ■ + Pr ei^r)^, 


as may be directly shown by a straightforward generalization of the 
proof of the corresponding expression (16.2.3) in the binomial case. 
Writing 

(30.1.3) cc, = (1 = 1 , 2 ,..., r), 

Y npi 

r 

it is seen that the x, satisfy the identity 2 ^ ~ 

1 

have 



Further, the joint c. f. of the variables Xi, . . Xr is 


— i} n L t,- > 

y(fj, . . ., /r) = e ' 


-<J- 


+ + Pre. 


i^r 

y iiPr 


)■ 


From the MacLaurin expansion of this function, we deduce by some 
easy calculation the expressions (30.1.1). We further find for any fixed 

^. tr 
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log f (<i.^' == II loj? 1 +, ,* 2 ~ + 1 

»». -" ^ 1 


i V >/ V, t, V p, 






-t <>{ii i), 


so that the c. f. tends to the limit 


lim g) (^ 1 , . . /r) = e 

n~»oo 


-i 




(i-hQifi. ...V. 


The quadratic form 4>(/i, . . ^r) — ^ ^ 

1 \ 1 

A^I — pp\ where I denotes the unit matrix (cf. 11.1), while p de 
notes the column vector (cf 11.2) p = (I Pi, . . Vpr). Replacinjf 
< 1 , . . ., fr by new variables Mj, . . ., Mr by means of an ortho^^onal 

r 

transformation such that Ur ^ ^t, y obtain (cf 11.11) 


\* 

I has the matrix 


r V Ji r 1 

It follows that Q(fiy . . ^r) is non nej^ative and of rank /— 1 (cf 

11 6), and that the matrix vl has r — 1 characteristic numbers (cf 119) 
equal to 1, while the rith characteristic number is zero. 

As M oo, tho joint c. f. of the variables Xi, . . ., Xr thus tends to 
the expression which is the c. f. of a singular normal distribu¬ 

tion (cf 24.3) of rank r — 1, the total mass of which is situated in 
the hyperplane I p, —0. By the continuity theorem 10.7 it then 
follows that, in the limit, Xr are distributed in this singular 

normal distribution, with zero means and the moment matrix A. It 

r 

then follows from 24.5 that, in the limit, the variable 

*' .i- - 

distributed in a distr ibution with r — 1 d. of fr. Thus the theorem 
is*" proveJT^ 

By means of this theorem, we can now introduce a test of the 
hypothesis // considered above. Let Xp denote the p % value of y} 
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for r — 1 d. of fr. (cf 18.1 and Table 3). Then by the above theorem 
the probability P== P(x* > xl) Ittrge n be approximately equal 

to p %. Suppose now that we have fixed p so small that we agree 
to regard it as practically certain that an event of probability p % 
will not occnr in one single trial (cf 26.2). Suppose further that n is 
80 large that, for practical purposes, the probability P may be identi¬ 
fied with its limiting value p %. If the hypothesis H is true, it is then 
practically excluded that, in one single sample, we should encounter a 
value of x^ exceeding xp- 

If, in an actual sample, we ggd a val ue x* > we shall accord- 
ingly say that our samp le shows g, significant deviation froml;he E^o- 
thesis J7^ „and we shall reject this hypothesis, at least until further 
data are available. The probability that this situation will occur in 
a case when H is actually true, so that H will be falsely rejected, is 
precisely the probability P = P(x* > 2 p)* which is approximately equal 
to p %. We shall then say that we are working on a p % level of 
significance. 

{f^, on the other hand, we fin d a value x^ ^ this will be re¬ 
garded as U. Obviously one isolated 

resulT'oTTETs kind cannot be considered as sufficient evidence of the 
truth of the hypothesis. In order to produce such evidence, we shall 
have to apply the test repeatedly to new data of a similar character. 
Whenever possible, other tests should also be applied. 

^ Vhen the v* test is, app lied^injgractice. and all the expected fre¬ 
quencies npi are ^10, the limiting ^’-distribution tabulated in Table 
3 gives as a rule the value Xp corresponding to a given P = p/100 
with an approximation sufficient for ordinary purposes. If some of 
the npi are < 10, it is usually advisable to pool the smaller groups, 
so that every group contains at lejfit 10 expected 
fore the test is applied, ^^ifw th^obseryations are so few.^t^ this 

can^dtn&e dbhe,"^e t ables should not be used, but some infoma- 
tioh may Istifl be drawn from the values of E ix*) and D{x*) calculated 
according to (30.1.1). 

Table 3 is only applicable whe n the n umber of d. of fr. is 
^30. For more than 30 d. of TrTTit is usujJTy "^ufficTent^ ^Q hse 
llilrerlB'^roposition (cf 20.2) that V 2 x* for n d. of fr. is approxi- 
mately^Kdraally ^distributed, with the mean V^2 n — 1 and unit s. d. 

30.2. Examplea. practical applications of various tests of 

significance, the 5 %,^^% and O.i % levels of significance are often 
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used. Which level we should adopt in a given case will, of course, 
depend on the particular circumstances of the case. In the numerical 
examples that will be given in this book, we shall denote a value 
exceeding the 5 % limit but not the 1 % limit a.s almost significant, a 
value between the I % and O.i % limits as sigmficant, and a value 
exceeding the O.l % limit as hUjhhj significant. This terminology is, 
of course, purely conventional. ) 

Ex. l.no a sequence of n independent trials, the event E has oc¬ 
curred V times. Are the.se data consistent with the hypothesis that E 
has in every trial the given probability ^ ~ 1 — 7 ? 

The data may be regarded as a sample of‘ n values of a variable 
which is equal to 1 or 0 according as El occurs or not. The hypo¬ 
thesis H consists in the assertion that the two alternatives have fixed 
probabilities p and q. Thus we have two groups with the observed 
frequencies v and n — v, and the corresponding expected fre({uencies 
n.p and nq. Hence we obtain 


(30.2.1) 




np 


(n — v — n 7 ]“ 
11 q 


n pY 


npq 


By the theorem of the preceding paragraph, this quantity is for 
large n approximately distributed in a 3 <®-distribution with one d 
of fr. This agrees with the fact (cf 10.4 and 18.1) that the standardized 

y - ^ 

variable — - is asymptotically normal ( 0 , 1 ), so that its square has, 
\ npq 

in the limit, the fr. f. ki(x). Accordingly, the percenlUge values of x* 
for one d. of fr. given in Table 3 are the squares of the corresponding 
values for the normal distribution given in Table 2 . 

In n = 4040 throws with a coin, Buffon obtained v ~ 2048 heads 
and n — r = 1992 tails. Is this consistent with the hypothesis that 
there is a constant probability p — \ of throwing heads? — We 

have here y" = ——— = 0.77«. and this falls well below the 5 % 
npq 

value of x~ ^or one d. of fr., which by Table 3 is 3.841, so that the 
data must be regarded as consistent with the hypothesis. The corres¬ 
ponding value of P—P(y* ^ 0.776) is about 0.38, which means that 
we have a probability of about 38 % of obtaining a deviation from 
the ^pected result at least as great as that actually observed. 

"^Ex. 2 . Suppose now that k independent sets of observations are 
available and let these contain ni, , nt observations respectively, 
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the corresponding numbers of occurrences of the eyeni E being* 
Vi, . , V*. The hypothesis of a constant probability equal to p may 

then be tested in various ways. 

The totality of our data consist of w 2 w, observations with 
y —2n occurrences, so that we obtain a first test by calculating the 

quantity r* = • Further, the quantity v’ — — —provides 

‘ ^ npq ^ iiipq 


a separate test for the t:th set of observations. 

Then Xu • ^ xl are independent, and for large fit all have asymp¬ 
totically the same distribution, vis. the x* distribution with one d. of 
fr. By the addition theorem (18.1.7) the sum Sxl has, in the limit, 
a x* distribution with k d. of fr., and this gives a joint test of all 
our xJ'Va-lues./ 

Finally, when the are large, x?* > xl uiay be regarded as a 
Sample of k observed values of a variable with the fr. f. kj (x), and 
we may apply the x” test to judge the deviation of the sample from 
this hypothetical distribution. 

his classical experiments with peas, Mendel (Ref. 155) obtained 
from 10 plants the numbers of green and yellow peas given in Table 
30.2.1. According to Mendelian theory, the probability ought to be 
p = | for »yellow>, and q^i for )'green:» (the ♦3:1 hypothesis*). 
The ten values of x'^ the value x’^^" 0.187 for the totals, 

all fall below the 5 % value for one d. of fr. The sum of all ten 
X* is 7.IS1, and this falls below the 5 % value for ten d. of fr,, which 
by Table 3 is 18.807. Finally, the ten values of x< 1>® regarded 
as a sample of ten values of a variable with the fr. f. (x). For this 
distribution, we obtain from Table 3 the following probabilities: 


P(0 < X* < 0.148) =» 0.8, 
P(0.M8 < X* < 1-074) * 0.4, 
P(x* > 1.074) *= 0.8, 


while according to the last column of Table 30.2.1 the corresponding 
observed frequencies are respectively 2, 6 and 2. The calculation of 
X* for this sample of « = ]0 observations with —3 groups gives 
(2 — 3)*/3 -f (6 — 4)V4 + (2 — 3)V3 — 1.667. In this case, the ex¬ 
pected values are so small that the limiting distribution should not be 
used, but we may compare the observed value x* = l 007 with the values 
JS(x‘) = ^2 and D(x*)= 1.902 calculated from (30.1.1). Since the ob* 
served value only differs from the mean by about 18 % of the s. d., 
the agreement must be regarded as good. 
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Tabls 30.2 1. 


punt namlMr 
i 

Nambor of poM 


Yellow 

' Qreon 

n^-Vi 

ToUl 

’'J i 

! 

1 

26 

11 

86 

0.698 

2 

12 

7 

39 

1.0M 1 

S 

14 

6 

19 

0.018 ! 

4 

70 

27 

97 

0.416 

6 

24 

18 

37 

2.027 1 

6 

20 

6 

26 

0.051 1 

7 

82 

18 

46 

0.868 1 

8 

44 

9 

63 

1.816 1 

9 

60 

14 I 

64 

0.888 1 

10 

44 

18 j 

62 

0.688 1 

Total 

866 

123 

478 

7.191 j 

X* tor the totals = 0.187 ' 


Thus all our tests imply that the data of Table 30.2.1 are con¬ 
sistent with the 3:1 hypothesis. If either test had disclosed a signi¬ 
ficant deviation, we should have had to reject the hypothesis, at least 
until further experience had made it plausible that the deviation was 
due to random fluctuations. 

Ex. 3. In another experiment, Mendel observed simultaneously the 
shape and the colour of his peas. Among n = 556 peas he obtained: 

Round and yellow.315, (expected 312.76), 

Round and green. 108, ( * 104.26), 

Angular and yellow.101, ( >' 104.25), 

Angular and green. 32, ( » 34,76), 

where the expected numbers are calculated on the hypothesis that 
the probabilities of the r = 4 groups are in the ratios 1) 3 : 3 : I. From 
these numbers we find x* = 0.470. We have r — 1 3 d. of fr., and 

by Table 3 the probability of a x* exceeding 0.470 lies between IfO 
and 95 %, so that the agreement is very good. 

Ex. 4. We finally consider an example where the hypothetical 
distribution is of the continuous type. Aitken (Ref. 2, p. 49) gives the 

423 











30.3-3 


foilowingf distributions of times shown bj two samples of 500 watches 
displayed in watchmakers’ windows (hour 0 means 0 — 1, etc.): 


Table 30.2.2. 


Honr 

0 

1 

2 

8 

n 

D 

6 

7 

8 

D 

m 

D 


Sample 1. ... 

41 

34 

64 

8Q 

46 

46 

41 

88 

37 

41 

47 

89 

600 

Sample 2. . . . 

36 



47 

49 

46 

82 

87 

40 

41 

1 

37 

48 

500 


On the hypothesis that the times are uniformly distributed over the 
interval (0, 12), the expected number in each class would be 500/12 = 
= 41,67, and hence we find = lO.ooo for the first sample, and 
x\ — 8 . 08*2 for the second, while for the combined sample of all 1 000 
watches we have — c^-ch case we have 12—1 = 11 d. 

of fr., and by Table 3 the agreement is good. We may also consider 
the sum 4- %«= 18.082, which has 22 d. of fr., and also shows a 
good agreement. 

30.3. The test when certain parameters are estimated from 
the sample. — The case of a completely speciGed hypothetical distri¬ 
bution is rather exceptional in the applications. More often we en> 
counter cases where the hypothetical distribution contains a certain 
number of unknown parameters, about the values of which we only 
possess such information as may be derived from the sample itself. 
We are then given a pr. f. P{S; Oj, . . ., o«) containing s unknown 
parameters Oj, . . a«, but otherwise of known mathematical form. 
The hypothesis H to be tested will now be the hypothesis that our 
sample has been drawn from a population having a distribution deter¬ 
mined by the pr. f. P, with some values of the parameters o/. 

As in 30.1, we suppose that our sample is divided into r groups, 
corresponding to r mutually exclusive sets . . ., Sry and we denote 
the observed group frequencies by V], . . ., while the corresponding 
probabilities are p<(cri, . . ., a,) = P(Si\ «!, . . ., c,) for t = 1, 2, . . ., r. 

If the »true values* of the were known, we should merely have 
to calculate the quantity 

(30.3.1) x*=- 4 ~ . 

" . . .. a.) 
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and ftpply the test descnbed in 30.1, so that no further discussion 
would be required. 

In the actual case, however, the values of the aj are unknown and 
must be estimated from the sample. Now, if we replace in (30.3.1) 
the unknown constants aj by estimates calculated from the sample, 
the Pi will no long^er be constants, but functions of tRe sample values, 
and we are no longer entitled to apply the theorem of 30.1 on the 
limiting distribution of X^. As already pointed out in 26.4, there will 
generally be an infinite number of different possible methods of estima¬ 
tion of the ajy and it must be expected that the properties of the 
sampling distribution of more or less depend on the method 

chosen. 

The problem of finding the limiting distribution of x* under these 
more complicated circumstances was first considered by B. A. Fisher 
(Ref. 91, 95), who showed that in this case it is necessary to modify 
the limiting distribution (30.1.2) due to K. Pearson. For an im¬ 
portant class of methods of estimation, the modification indicated by 
Fisher is of a very simple kind. It is\ in fact, only necessary to reduce 
the number of d, of fr. of the limiting distribution (30.1.2) by one unit 
for each parameter estimated from the sample. 

We shall here choose one particularly important method of estima¬ 
tion, and give a detailed deduction of the corresponding limiting 
distribution of yf. It will be shown in 33.4 that there is a whole 
class of methods of estimation leading to the same limiting distribution. 

It seems natural to attempt to determine the »be8t» values of the 
parameters cLj so as to render yf defined by (30.3.1) as small as pos¬ 
sible. This is the minimum method of estimation. We then have 
to solve the equations 


(30.3.2) 


1 = V . k — ^^ 0 

2r,pl fdaj 


where i = 1, 2, . . with respect to the unknowns a,, . . ., and 
insert the values thus found into (30.3.1). The limiting distribution 
of X* ^or this method of estimation has been investigated by Neyman 
and E. S. Pearson (Ref. 170), who used methods of multi dimensional 
geometry of the type introduced by R. A. Fisher. We also refer in 
this connection to a paper by Sheppard (Ref. 213). 

Even in simple cases, the system (30.3.2) is often very difficult to 
solve. It can, however, be shown that for large n the influence of 
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the second term within the brackets becomes negrligrible. If, when 
differentiatinjif X* respect to the cj, we simply regard the denomi¬ 
nators in the second member of (30.3.1) as constant, (30.3.2) is replaced 
by the system 

(30.3.3) = 

and usually this will be much easier to deal with. Tbe method of 
estimation which consists in determining the aj from this system of 
equations will be called the modified minimum method. Both methods 
give, under general conditions, the same limiting distribution of x* 
for large but we shall here only consider the simpler method based 
on (30.3.3). 

ny means of the condition a) of tbe theorem given below, the eqiuitions (30.3.3) 
reduce to 

^ V, d Vi 

(30.3.3 a' 2 0, 

i^i Pi 

which mav also be written — 0, where L p*i . . . Tbe method of estima- 

* Ottj ' ^ 

tion which conaUta in determining the oLj such that L becomes as large as possible 
is the maximum likelihood method introduced by R. A. Fisher, which will be further 
di.scussed in Ch. 33. With respect to tbe problem treated in tbe present paragraph, 
the modified minimum method is thus identical with the maximum likelihood 
method. The latter method is. however, applicable also to problems of a much more 
general character. 

On account of the importance of the question, we shall now give 
a deduction of the limiting distribution of x* under as general condi¬ 
tions as possible, assuming that the parameters aj are estimated by 
the modified x* minimum method. We first give a detailed statement 
of the theorem to be proved. 

Suppose that we are given r functions . . ., «*), . . ., 2>r(«i,.. a«) 

ofs<r variables or,, . . ., a, such that, for all points of a non-degenerate 
interval A in the s dimensional space of the aj, the pi satisfy the following 
conditions: 

r 

a) 2 • ■ •’ 

b) pi (<r,, . . ., a,) > c* > 0 for all i. 
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c) 


Fjvery jh hoft continuous derivatives - 


dp t 
d aj 


and 


d^Pi 
d Oj d Ok 


The matrix D — 
of rank s. 


\daj\' 


where i ~ \ , r and 7 = 1 , 


jp, it) 


Let the possible results of a certain random experiment he divided 
into r mutually exclusive groups, and suppose that the probability oj 
<tbtaining a result belonging to the i:th group is pH = aJ), 

where inner point of the interval A. Let Vt denote 

the number of results belonging to the i:th group, which occur in a se- 

r 

quence of n repetitions of so that ^n — n. 

1 

The equations (30.3.3) of the modified minimum method then have 
exactly one system of solutions a = {a a,) such that a converges in 
probability to as n -* co. The value of obtained by inserting theJte 

values of the aj into (30.3.1) is, in the limit as n -* <^, distributed in a 
distribution with r — s — 1 degrees of freedom. 

The proof of this theorem is somewhat intricate, and will be 
divided into two parts. In the first part (p. 427—431) it will be 
shown that the equations (30.3.3) have exactly one solution n such 
that a converges in probability (cf 20.3) to «o tbe second part 
(p. 431---434) we consider the variables 


1303.4) 


) u p, («,, . . Cf,) 


(i-1. r),^ 


where (a,, . . a^) is the solution of (30.3.3), the existence of 
which has just been established. It will be shown here that, as 
ft *- 00 , the joint distribution of the f/i tends to a certain singular 
normal distribution of a type similar to the limiting distribution of 
the variables Xi defined by (30.1.3). As in the corresponding proof in 

r 

30.1, the limiting distribution of is then directly obtained 

1 

from 24.5. 

Throughout the proof, the subscript i will assume the valiie> 

12 .r. while j and k assume the values 1,2 . s. 

We shall first introduce certain matrix notations, and transform 

the ecjuations (30.3.3) into matrix form. Denoting by ) value 
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assumed bj in the point ao» (30.3.3) may be written 

Qaj 

,30.3.5, 2, 


where 


(30.8.6) 

Let us denote by B the matrix of order r • s 


B== 



^daj 

L‘ 



(dpr^ 

[da,i 

1 

lo^) 


By 11.1, we have B = PqDq, where Fq is the diagonal matrix formed 
by the diagonal elements 7 ^, while Do is the matrix ob- 

y Pi Vpr 

tained by taking aj = aj in the matrix D = Hence by condition 

d) the matrix B is of rank s (cf 11.6). — We further write in analogy 
with (30.1.3) 

(30.3.7) = 

and denote by «c, Aq, co(ct) and x the column vectors (cf 11 . 2 ) 

a = (flr„ . . ., a,), 

«o = («?» • • M a5). 

<o(a) =■ (ciii*(«). . . ., w.(a)), 

X = (Xj-- Xrl 

the three first of which are, as matrices, of order s- 1 , while the 
fourth is of order r- 1 . 
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In matrix notation, the system of equations (30.3.5), where 
j = 1, . . may now be written (cf 11.3) 

B' B (a — cto) = B' * 4- a> («). 

B'B is a symmetric matrix of order s s, which according to 11.9 is 
non-singular, so that the reciprocal (B'B)~^ exists (cf 11.7), and we 
obtain') 

(30.3.8) a = «o + «”■* («' Bx + (B* B)"* «i (a). 

This matrix equation is thus equiralent to the fundfimental system of 
equations (30.3.3). 

For every fixed i the random variable Vi has the mean np'i and 

the s. d. Vnp\[\ '—p’i), so that by the Bienaym^-TchebychefP inequality 

(15.7.2) the probability of the relation \ vi — npi\^ xVii is at most 
0 / « _ „ 0 \ 0 

equal to ——< p- Consequently the probability that we have 

iV n for at least one value of i is smaller than 
~ and, conversely, with a probability greater than 1 — 

i 

we have 

(30.3.9) I Vi — np'l \<XV n for aW t == 1, . . ., r 

Until further notice, we shall now assume that the Vi satisfy the 
relations (30.3.9). We shall here allow A to denote a function of n 
such that A tends to infinity with n, while AVK n tends to zero. We 
may e. g. take A = n^, where 0 < g < — All resets obtained undei' 

such assumptions will thus he true with a probability which is greater' 
than 1 — A"**, and which consequently tends to 1 as n 
From (30.3.7) we then obtain by condition b) 

(30.3.10) |a:*|<-- 

c 

Further, when a = (oj, . . ., aj) and a' = (oV, . . ., ai') are any points in 

‘) Note that we cannot write here B~i (BV^i alnce by hypothesis 

• < r, so that B is not square, and the reciprocal B-i is undefined. — If we take 
s » r, it will be seen that the conditions a) and d) of the theorem are incompatible. 
In this case, if we assume that a>—c) are satisfied, the matrices D, B and S' B ore 
all singular, so that the reciprocal (B'B)**! is undefined, and (80.8.8) bos no sense. 
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the interral A, we obtain from (30.3,6) after some calculations, usingr 
the conditions b) and c), and expanding in Taylor’s series, 


(30.3.11) 101^ (a) - ioj («'') \^K,\a- a 



—«ol +«o I 



In the second member, we use the notation | a — 6 | for the distance 
(cf 3.1) between two points a and b in the .v-dimensional space of the 
aj, while is a constant independent of a\ a'\ j and n. 

We now define a sequence of vectors . . ., or^’'^) by writing 

for V == 1, 2 , . . . 

(30.3.12) «, = «o + + (B'B)-' <i> 


and we propose to show that the sequence ctj, n,, . . . converges to 
a definite limit ce, which is then evidently a solution of (30.3.8). By 
(30.3.6) we have oj (cto) = 0, and thus 

(30.3.13) «,-«o =«"*(«'B)->B'*, 

while for v > 0 

(30.3.14) «,.,i = B)“4co(«.)-<o («,>,)]• 


Now the matrices (B'B)~'B' and (B'B)-* are both independent of w. 
Denoting by g an upper bound of the absolute values of the elements 
of these two matrices, it then in the first place follows from (30.3.13) 
and (30.3.10) that every element of the vector ~ satisfies the 
inequality 


I /»® I ^ 


SO that 


|«,-Ool<ir, 


Vn 


wh«re is independent of n. In a similar way, it then follows from 
(30.3.14) and (30.3.11) that we hare 


|«.+i 





-Ool + — 



for every v > 0, where if, is independent of v and n. From the two 
last inequalities, it now follows by induction that we have for all 
sufficiently large n, and for all v==0, 1, 2, , . . 
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(30.3.15) I 1 - I S [(4 iT, + 1) jf,]’ 

Since by hypothesis is an inner point of the interval A, it follows 
that for all sufficiently large n the vectors a,, . . . (considered as 
points in the a-space) all belong to Ay and that the sequence stj, n,,. .. 
converges to a definite limit 

(30.3.16) a = tto + («i — «o) + («i ““ «i) + ■ ■ 

which, as already observed, is a solution of (30.3.8), and thus also of 
the fundamental equations (30.3.3). It follows from (30.3.15) that 
a^aQ as n-^ oo. Moreover, a is the only solution of (30.3.8) tending 
to Oq BA n oo. In fact, if a is another solution tending to Oq, we 
have 

a — a ^ (B' B)~^ (io {a) — a> (a)), 

and by the same argument as above it follows that 

—«ol + l« —«ol+ 

where the expression within the brackets tends to sero as n -► oo ^ 
but this is evidently only possible if a = a for all sufficiently large n. 

All this has been proved under the assumption that the relations 
(30.3.9) are satisfied, and thus holds with a probability which is 
greater than 1—1“’, and consequently tends to 1 as.n-^oo. We 
have thus established the existence of exactly one solution of (30.3.8), 
or (30.3.3), which converges in probability to ckq, and the first part 
of the proof is completed. 

Still assuming that the relations (30.3.9) are satisfied, we obtain 
from (30.3.8), (30.3,13) and (30.3.16) 

(B* B)“‘ tii (a) = « — «i = (a, — «,) + («, — «,) + •••. 

It then follows from (30.3.15) that every component of the vector 
(B'B)“^o>(a) is smaller than K! IMriy where K* is independent of n, 
so that (30.3.8) may be written 

(30.3.17) « - a, = «”* (B' B)-‘ B' * + 

n 

where = (^i, . . ^) denotes a column vector such that ^ 1 for 

y — 1, . . ., s. 
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Consider now the yariables yi defined bj (30.3.4), Still assuming 
that the relations (30.3.9) are satisfied, we obtain by means of (30.3.7), 
(30.3.10) and (30.3.17) 

Vi — np'i y-pi-'P'i Vi — npi/1 1 


= Xi — 




«}) + 0 



Expressing this relation in matrix notation, we obtain 

y = X — V ti B(n — tto) + 6 ,. 

V II 


where y «(yi, . . ., yr) and 0, = (^i', . . ., fft) with l^/'l ^ 1, while K"' is 
independent of n. Substituting here the expression (30.3.17) for a - 
we obtain 



where I is the unit matrix of order r-r, and 6 = (^j, . . .,6r) with 
^ 1, while K is independent of n. 

We now drop the assumption that the relations (30.3.9) are satis¬ 
fied, and define a vector m = (^i, . . ., Zr) b}' writing 

y = Ax 

where A denotes the symmetric matrix 

It then follows from (30.3.18) that, with a probability greater than 
1 — 1"“^, we have \zi\^ Kfor all », so that X converges in 
probability to zero. Further, it has been shown in 30.1 that the 
variables Xi, , . Xr are, in the limit as n oo, normally distributed 
with zero means and the moment matrix A = I — pp\ where 
p=-(Vp^i, . . ., V^). By the last proposition of 22.6 it then follows 
that the limiting distribution of y is obtained by the linear trans¬ 
formation y ^ Axj where x ~ (a?], . . ., Xr) has its normal limiting 
distribution, with the moment matrix A of rank r — 1. 
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By 24.4, the joint limiting distribution of yj, . . yr is thus nor¬ 
mal, with sero means and the moment matrix 

AAA^ = [/ - B(B' B)-> B] [i-pp] [/ ~ B(B' B)~» B'l 

Now by condition a) the j:th element of the vector B'p is 



so that B*p is identically sero. Hence we find on multiplication that 
the moment matrix of the limiting yr-distribution reduces to 

(30.3.19) A A A' I - pp - B(B' B)-^B\ 

It now only remains to show that this symmetric matrix of order 
r • r has r — ^ — 1 characteristic numbers equal to 1, while the rest 
are 0, so that the effect of the last term is to reduce the rank of 
the matrix by s units. It then follows from 24.5 that the sum of squares 

i 

is, in the limit, distributed in a ^^’-distribution with >— — 1 degrees 
of freedom, so that our theorem will be proved. 

For this purpose we first observe that, by 11.9, the .v characteristic 
numbers xj of the symmetric matrix B'B are all positive. Writing 
^ ph where pj > 0, and denoting by M the diagonal matrix formed 
by the diagonal elements Pi, . . we may thus by 11.9 find an 
orthogonal matrix C of order ^ ^ such that C'B'BC = M‘, and 
hence {B'B)-> = (CM’ C')”* = CM ' • M-' C\ It follows that 

(30.3.20) B(B' B)"* B' = B CM-* • M-** C'B' = HH\ 
where Hs^BCM'* is a matrix of order r*.v such that 

H'H ^M-'CB' B CM-* = M * M’M-» = /, 

denoting here by / the unit matrix of order s^s. The last relation 
signifies that the a columns of the matrix H satisfy the orthogonality 
relations (11.9.2). Further, we have shown above that B'p = 0, and 
hence H*p = M”* C* B' p = 0. Thus if we complete the matrix H by 
an additional column with the elements Vp?, . . ., the .v -f 1 co¬ 
lumns of the new matrix H, will still satisfy the orthogonality rela- 
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tions. Since s < r, we may then by 11.9 find an orthogonal matrix 
K of order r • ?*, the ^ + 1 last columns of which are identical with 
the matrix H,. 

Then K'p is a matrix of order r*!, i. e. a column vector, and it 
follows from the multiplication rule that we have K'p = (0, . . 0, 1). 

Thus the product K'ppK = (0, . . 0, !)• {0, . . 0, 1} is a matrix of 

order ?* • r, all elements of which are zero, except the last element of 
the main diagonal, which is equal to one. — In a similar way it is 
seen that the product K'HH'K is a matrix of order r • r, all elements 
of which are zero, except the s diagonal elements immediately preceding 
the last, which are all equal to one. 

By (30.3.20), the moment matrix (30.3.19) now takes the form 
I ~pp HH\ It follows from the above that the transformed 
matrix K'[I — pp—HH')K is a diagonal matrix, the r — .v—1 first 
diagonal elements of which are equal to 1, while the rest are 0. Thus 
we have proved our assertion about the characteristic numbers of the 
moment matrix (30.3.19). As observed above, this completes the proof 
of the theorem. 

By means of this theorem, we can now introduce a test of the 
hypothesis H in exactly the same way as in the simpler case con¬ 
sidered in 30.1. Some examples of the application of this test will 
be shown in the following paragraph. 

30.4. Examples. — We shall here apply the test to two parti¬ 
cularly im])ortant cases, viz. the Poisson and the normal distribution. 
Other simple distributions may be treated in a similar way. 

Ex. 1. The Poisson distribution. Suppose that it is required to test 
the hypothesis that a given sample of n values . . ., Xn is drawn 
from some Poisson distribution, with an unknown value of the para¬ 
meter L Every is equal to some non-negative integer «, and we 
arrange the according to their values into r groups, pooling the 
data for the smallest and the largest values of i, where the observa¬ 
tions are few. Suppose that we obtain in this way 

Vk observations with x ^ k, 

Vi » y> x = i, where t = A; -f 1, . . ., A: -f r — 2, 

Vk^r-^i » » 1. 

Xi 

If we write -Gri — P(x = f) = the corresponding probabilities 

are 
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* 

Pk=^ ^ k) = 

II 

Pi = P(x =■- t) — tor, for / = 4* f 1, . . ., ^ 4- r — 2, 

OQ 

Ph r-i = /'{* S A -f r — I) -= 2 j 

ilr i-r-l 

In order to estimate the unknown parameter X by the modified 
minimum method, we have to solve the Hystem (.3().i5.3), or the equi 
valent system (30.3.3 a). Since there is only one unknown parameter, 
we have .v 1, so that each system reduces to one sinj^le equation, 
and (30.3.3 a) jjivea 



0 lr^ r I 


This equation has a single root A A*, where 


■ "*-+ Z ■'»’< + - 

v^, ^ 


Here, the second term within t)ie brackets is e(|uul to the sum of all 
Xfi such that k < k ^ r— \, while the first and the last term 
give approximately the sum of all Xft which are ^ k or A -f r - 1 
respectively. The estimate A* to be used for A is thus approximately 
equal to the arithmetic mean of the sample values: 



n 





Taking .v - I in the theorem of the preceding paragraph, we find that 
the limiting ^distribution has in this case r 2 d. of fr. 

In Table 30.4.1, three numerical examples of the application of 
the test are shown. Kx. 1 a) gives the numbers of n particles radiated 
from a disc in 2008 periods of 7.5 seconds according to Rutherford 
and fieiger (Ref. 2, p. 77). Ex. 1 b) gives the numbers of red blood 
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Table 30.4.1. 


Application of the test to the Poisson distribution. 


i 

Ex. 1 k) 

Ex. 1 b) j 

Ex. 1 c) 

No. of 
periods 
with t 

npt 

1 


No. of com 
partments 
with t 

npi 

(.Vf-npi? 

No. of 
plan IS 
with i 
flowers 

*'i 

npi 



ee par¬ 
ticles 

nPi 

blood- 

corpuscles 

nPi 

^Pi 

0 

67 

64.809 

0.1244 







1 

209 

210.628 

0.2688 







2 

383 

407.861 

1.4668 







8 

626 

625.496 

0.0005 




5 



4 

632 

608.418 

1.0988 

1 



2 



6 

408 

393.616 

0.6882 

3 



10 

25.0217 

2.6717 

6 

273 

253.817 

1.4498 

6 



19 

19.1860 

O.OOlO 

7 

139 

140.825 

0.0126 

8 

16.7956 

0.0919 

20 

24.1984 

0.7268 

! 8 

46 

67.882 

7.7182 

13 

11.4048 

0.2288 

42 

26.7689 

8.6786 

9 

27 

29.189 

0.1642 

14 

15.0980 

0.0792 

27 

26.8178 

0.0177 

10 

10 

17.076 

0.0677 

15 

17.9778 

0.4981 

25 

23.2918 

0.1254 

11 

4 



15 

19.4661 

1.0247 

23 

16.7889 

0.9689 

12 

2 



21 

19.8217 

0.1458 

11 

13.8199 

0.6764 

13 




18 

17.7082 

0.0050 

1 5 

1 22.7171 

1.9861 

14 




1 17 

15.0616 

0.2495 

6 

1 


16 




1 16 

11.9599 

1.8648 

4 



16 




9 

8.9084 

O.OOlO 




17 




6 

16.8140 

0.8282 




18 




3 






19 




2 





! 

20 




2 



1 


i 

21 




1 





j 

Total 

2608 

2608 000 

12.8849 

169 

169.0000 

4.0066 

200 

200.0000 

16.6466 


X * 3.870 


X“ 11.911 


X = 8.860 



1 X* *= 12-8W o' ) 

X* 4. of fr.) 

x’ = (7 d. of fr.) 


j P *= 0.17 


P«0.9l 


P — 0.08 
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corpuscles in the 169 compartments of a haemacjtometer observed 
by N. G. Holm berg. Ex. 1 c) gives the numbers of flowers of 200 
plants of Primula veins counted by M.-L. Cram4r at Uto in 1928. Ac¬ 
cording to the rule given in 30.1} the tail groups of each sample 
have been pooled so that every group contains at least 10 expected 
observations. Thus e. g. in 1 b) the observed frequency in the groups 
1 = 7 and i = 17 are respectively 1 -l“3 + 5-h8 = 17 and 6 + 3 + 
-1-2 + 2 + 1 = 14. — The agreement is good in a), and even very 
good in b)} while in c) we find an ^almost significant» deviation from 
the hypothesis of a Poisson distribution, which is mainly due to the 
excessive number of plants with eight flowers. 

The cates considered above are representative of classes of variables which often 
agree well with the Poisson distribution. — When the data show a significant devia¬ 
tion from the Poisson distribution, the agreement may sometimes he considerably 
improved by introducing the hypothesis that the parameter X itself is a random 

variable, distributed in a Pearson type III distribution with the fr. f. 

r(>f) 

(x > 0), where a and x are positive parameters. In this way we obtain the negative 
binomial dutrihution (cf Ex. 21, p. 269), which has interesting applications e. g. to 
accident and sickness statistics (Greenwood and Yule, Ref. 119, Eggenberger, Ref. 81, 
Newbold, Ref. 169 a), and to problems connected with the number of individuals be¬ 
longing to given species in samples from plant or animal populations (Eneroth, Ref. 
81a; Fisher, Corbet and Williams, Ref. 111). In the case of accident data, the in¬ 
troduction of a variable k may be interpreted as a way of taking account of the 
variation of ri$k among the members of a given population. Analogous interpreta¬ 
tions may be advanced in other cases. The subject may also be considered from the 
point of view of random processes (cf Lundberg, Ref. 162). 


Ex. 2. The normal distribution. Let a sample of n values xi, . . ., Xn 
be grouped into r classes, the t:th class containing Vi observations 
situated in the interval (f* — J/i, 5< +J/i), where + (t — 1) 

We want to test the hypothesis that the sample has been drawn from 
some normal population, with unknown values of the parameters m 
and a. If the hypothesis is true, the probability p, corresponding to 
the f:th class is 




dx. 


where the integral is extended over the t:th class interval. For 
the two extreme classes (t = 1 and i = r), the intervals should be 
("“ Si + \ h) and (5r — J/i, + «>) respectively. We then have, writing 

for brevity ^(x) = c~ 2 o« > 
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I*-"'*!**"*’ 

The equations (30.3.3 a) then g^ive after some simple'reductions, all 
integ^rals being extended over the respective class intervals specified above, 

fxff(x)dx 

fffix)dx' 

» f(x—m)*fi(x)dx 

We first assume that the grouping has been arranged such that the 
two extreme classes do not contain any observed values. We then have 
V| = Vr ~ 0. For small values of an approximate solution may be 
obtained simply by replacing the functions under the integrals by 
their values in the mid point of the corresponding class interval. 
In this way we obtain estimates and given by the expi*essions 




Thus m* and o*' are identical with the mean £ and the variance 
of the grouped sample^ calculated according to the usual rule (cf 27.9) 
that all sample values in a certain class are placed in the mid-point 
of the class interval. — In order to obtain a closer approximation, 
we may develop the functions under the integrals in Taylor's series 
about the mid-point For small h, we then find by some calculation 
that the above formulae should be amended as follows: 


i 


i 


Neglecting terms of order we may thus use the mean of the 
grouped sample as our estimate of m, while Sheppard's correction (cf 
27.9) should be applied to the variance. 

Even when h is not very small, and when the extreme classes are 
not actually empty, but contain only a small part of the total sample, 
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the same procedure will lead to a reasonable approximation. — In 
practice, it is advisable to pool the extreme classes of a given sample 
according to the rule given in 30.1, so that every class contains at 
least 10 expected observations. Our estimates of m and shonbl 
then if possible be the values of x and calculated from the original 
grouping, before any pooling has taken place, and with Sheppard’s 
correction applied to s^. If r is the number of classes after the pooling, 
and actually used for the calculation of the limiting distribution 
of X* has r — 3 d. of fr., since we have determined two parameters 
from the sample. 

When the parent distribution is normal, asymptotic expressions for 
the means and variances of the sample characteristics and have 
been given in (27.7.9), while the corresponding exact expressions are 
found in (29.3.7). A further test of the normality of the distribution 
is obtained by comparing the values of g^ and g^ calculated from an 
actual sample with the corresponding means and variances. 

Table 30.4.2. 


Distribution of mean temperatures for June and July in Stockholm 

1841—1940. 



June 



.July 

Expected 

Degree.** 

Celsius 

Observed 

Expected 

Degree.s 

Celsius 

Observed 

-12.4 

10 

12 89 

-14.9 

11 

10 .11 

12 5- 12.9 

12 

7.89 

16.0-16.4 

7 

6.72 

13.0-13.4 

0 

10.20 

16.5-16.9 

8 

9 o<» 

13.6-13 9 

10 

11.98 

16.0-16.4 

13 

1 ().9:> 

14.0-14.4 

19 

12.62 

16.5-10.9 

14 

12.12 

14 5—14.9 

10 

12.08 

17 0-17.4 

13 

12.20 

16.0-15.4 

9 

10.46 

17.6-17.9 


11.16 

16.5-16.9 

6 

8.19 

b 

00 

; 

9.28 

16.0-16.4 

7 

6.81 

18.6-18.9 

7 

7.02 

16 5- 

8 i 

7.98 

19.0- 

12 

11.14 

Total 

! 100 

lOO.oo 

Total 

1 100 

lOO.oo 

X — 

14.28, 8 — 

1.674. 

X = 

16.98, 6 — 

1.615 

9i = 

0.098, = 

0.062, 

9i ^ 

0.382, y, - 

0 044, 

! x’ = 

7.86 (7 d. of fr.) 

z’- 

3.34 (7 d. of fr.) 

! 

0.85. 



0.85 
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Table «S0.4.S. 


Breadth of beans. = 6.826 mm, h = 0.26 mm. 


ClsM number 

ObMfTed 

frequenej 

Expected frequency npf 

t 

Normel 

First approx. 

Second approx. 

1 

82 

67.8 

17.6 

26.6 

2 

108 

182.2 

98.8 

90.4 

8 

289 

809.8 

291.6 

277.2 

4 

624 

617.8 

648.0 

686.6 

6 

1187 


1 142.2 

1141.1 

6 

1660 


1 680.4 

1 689.0 

7 

1888 


1 918.1 

1 931.6 

8 

1980 


1 892.4 

1 906.2 

9 

1688 

1 697.8 

1 687.8 

1 699.6 

10 

1 180 

1 277.8 

1 168.8 

1 168.6 

11 

787 

817.0 

762.4 

746.1 

12 

427 

444.2 

441.0 

427.8 

18 

221 

206.8 

286.6 

228.8 

14 

110 

80.7 

112.7 

109.1 

16 

67 

27.0 

47.5 

49.7 

16 

82 

lO.O 

24.6 

82.2 

Totel 

12 000 

12 OOO.O 

12 OOO.O 

12 000.0 

i «> 8.5IS 

X* = 196.6 

X* » 84.8 

X* « 14.0 

f -> o.eiw 

(18 d. of fr.) 

(12 d. of fr.) 

(11 d. of fr.) 

p, — — 0.2878 

- 0.1MS 

P < 0.001 

P < O.OOl 

P *- O.IO 


Table 30.4.2 shows the result of fitting normal curves to the distri¬ 
butions of mean temperatures for the months of June and July in 
Stockholm during the n = 100 years 1841—1940. In the original data, 
the figures are given to the nearest tenth of a grade, so that the 
exact class intervals are (12.46, 12.96) etc. We have here used some¬ 
what smaller groups than is usually advisable. Both values of x* 
indicate a satisfactory agreement with the hypothesis of a normal 
distribution. The values of g| and g, are also given in the table. On 
the normal hypothesis, the exact expressions (29.3.7) give in both 
cases B ( p ,)=5 0, D(p|)« 0.288, and E (p,) =—• 0.069, D(p,) = 0.466« so 
that none of the observed values differs significantly from its mean. 
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A dia^am of the sum polygon for the June distribution (drawn 
from the 100 individual sample values), together with the corresponding 
normal curve, has been given in Fig. 25, p. 328. 

When gi or have signiticant values, the fit obtained by a normal 
curve may often be considerably improved by using the Charlier or 
Edgeworth expansions treated in 17.6—17.7. We must then bear in 
mind that, for every additional parameter determined from the sample, 
the number of d. of fr. should be reduced by one. 

Table 30.4.3 shows the distribution of the breadths of « = 12 000 
beans of Phaseolus vulgaris (Johannsen s data, quoted from Charlier, 
Ref. 9, p. 73). On the hypothesis of a normal distribution, we have 
E(pi) = 0, D(sf,) = 0.0224, and E(p,) =—O.ooos, D(^,) = 0.0447, so that 
the actual values of g^ and given in the table both differ signifi¬ 
cantly from the values expected on the normal hypothesis. 

The table gives also the expected frequencies and the corresponding 
values of x^y calculated on the three hypotheses that the fr. f. of the 
01 * —_ 0 ^ 

standardized variable-is, in accordance with the expansion 

(17.7.3) or (17.7.5),') 

1 


a) ^normal*. (p(x) = 




e 9 , 


b) »first approx.» .... 9?(a;) — 

c) ^second approx.» . . . 9>(2c) ~ 

In the first two cases, the deviations of the sample from the hypo¬ 
thetical distributions are highly significant, the values of P being 
< O.ool, while in the third case we have P = 0.19, so that the agree¬ 
ment is satisfactory. — In Fig. 26, p. 329, we have shown the histo¬ 
gram of this distribution, compared with the frequency curve for the 
^second approx.». More detailed comparisons for this and other 
examples are given by Cramer, Ref. 70. 

30.5. Contingency tables. — Suppose that t he n i ndividuals of a 
sample are class ified according to two variable argumentr(quantitative 
or not) in a two-way table of the type shown in*Table 30.5.1. 

A table"'of ~ End J a, kno wn. as f^_cgnitn^encg^ table, and it is 

*) By the same method as above, it is shown that the estimates to be used for 
the coefficients y, and y, are g, and g^, as calculated from the grouped sample, using 
Sheppard's corrections. 
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o ften reqpired to t eat the hypothecs that the two variably arguments 
are indepen dent Di^bte by ptj the probability that a randomly chosen 
individual belongs to the *:th row and the y:th column of the table. 

Table 30.5.1. 


Arguments 

1 2.s 

Total 

1 

V|i .Vi, 

^1. 

2 

Vii y%t .Vj, 

^a. 

r 

.’'r# 


Total 

•'.i . 

n 


"!^e hypothwis of independence is then (cf 21.1.4) equiv alent to the 
hypothesis Jhat thereIdxist r ■¥ s constants . and 

PiS=Pi.p.h 

i J 

/According to this hypothesis, the joint distribution of the two argu* 

I ments contains r s — 2 unknown parameters, since by means of the 
last relations two of the r + ^ constants, say pr. and p.t^ may be ex¬ 
pressed in terms of the remaining r + ^ — 2. 
wfn order to apply the test to this problem, we have to calculate 

y« = y i*u-npi.p.j)* 

^ npt.P.j 

where the sum is extended over all rs classes of the contingency 
table, and replace here the parameters pi, and p, i by their estimates 
derived from the equations (30.3.3) or (30.3.3 a), which in this case 
become 



The solution of these equations is 
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30.5 


so that the estimates to be used are simply the frequency ratios cal¬ 
culated from the marginal totals. Substituting these estimates for 
Pi. and p.j, the expression for reduces to 


(30.5.1) 








Since we have here rs groups and r + 5 — 2 parameters determined 
from the sample, the limiting distribution of x* bas (r -f 5 —2)—l = 
= (r — 1)(5 — 1) d. of fr.|— Exact expressions for the mean and the 
variance of x* ^ detfned by (30.5.1) have been given by various 
authors (cf Haldane, Ref. 123, where further references are given). 
Assuming that the independence hypothesis is true, we have 


(30.5.2) 




1 )(^- 1 ). 


The variance has a complicated expression that will not be given here. 
n A large value of x^ shows that the deviation from the hypothesis 
of independence is significant, but gives no direct information about 
ihe degree of dependence or association between the arguments. On 
the other hand, the quantity 

_ 

J <11 Za n. v.i 


is the sample characteristic corresponding to the mean square con¬ 
tingency gp* defined by (21.9.6). If q is the smallest of the numbers r 
and s, it follows from 21.9 that 



The upper limit 1 is attained when and only when each row (when 
r'^s) or each column (when r ^ s) contains one single element different 

y* 

from zero. Thus he regarded as a measure of the degree 

of association indicated by the sample. The distribution of this measure 
is, of course, obtained by a simple change of variable in the distribii 
tion of x*^ (For other measures of association, cf e. g. the text-book by 
Yule-Kendall, Ref. 43, chs 3—4.) 
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At the Swedish census of March 1936, a sample of 25 263 married 
couples was taken from the population of all married couples in 
country districts, who had been married for at most 6ve years. Table 
30.5.2 gives the distribution of the sample according to annual income 
and number of children. From (30.5.1) we obtain = 568.6 with 
(5 — 1)(4 — 1) = 12 d. of fr., so that the deviation from the hypothesis 
of independence is highly significant. On the other hand, the measure 

y* 

of association is ~ 0.00760, thus indicating only a slight degree 

of dependence. 

Table 30.5.2. 


Distribution of married couples according to annual income and 
number of children. 


Children 

Income (.unit 1000 kr) j 

Total 

0-1 

1-2 

2t8 

3- 

0 

2 161 

3 677 

2 184 

1636 

9 668 

1 

2 766 

6 081 

2 222 

1062 

11 no 

2 

936 

1 763 

640 

806 

3 636 

8 

225 

419 

06 

88 

1 778 

^4 

39 

98 

31 

14 

1 182 

Total 

6 116 

10 928 

6173 

3 046 

26 263 


In the particular case when r==s = 2, the contingency table 30.5.1 
becomes a 2-2 table or 2 k fourfold table, and the expression (30.5.1) 
reduces to 


(30.5.3) 


y - ^-, 

Vi. V‘l, y.\ V.2 


so that corresponds to the expression (21.9.7) for When 

the arguments are quantitative, f* is identical with the square of the 
correlation coefficient of the sample (cf 21.9.7 and 21.7.3). — In the 
case of a fourfold table, there is only (2 — 1) (2 — 1) = 1 d. of fr. in 
the limiting distribution of ;j*, and we have g— 1 = 1. 

In Table 30.5.3, we give the distribution of head hair and eyebrow 
colours of 46 542 Swedish conscripts according to Lundborg and Lin> 
ders (Ref. 26). From (30.5.3) we obtain 19 288 and/*= 0.414, 
indicating a marked dependence between the arguments. 
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Table 30.5.3. 

Hair colurs of Swedish conscripts. 


30.5-6 



Head 

hair 


Eyebrows 

Light or 
red 

Dark or 
medium 

Total 

I.ight or red. 

30 472 

j 3 238 

33 710 

Dark or medium . . . 

3 364 

1 9 468 

12 832 

Total 

33 836 

1 12 706 

46 642 


Vi V j 

When the expected frequencies —in a fourfold table are small 

the approximation obtained by the usual tables will be improved 
if we calculate from the first expression (30.5.1), and reduce the 

Vi V j 

absolute value of each difference Vij -by J before squaring. 

This is known as Yates correction (Ref. 250). 

30.6. z* as a test of homogeneity. — The contingency table 30.5.1 
expresses the joint result of a sequence of n repetitions of a random 
experiment, each individual result being classified according to two 
variable arguments. In many cases, however, we encounter tables of 
the same formal appearance, where the situation is different. 

Suppose that we have made s successive sequences of observations, 
consisting of . . ., observations respectively, where the numbers 
rij are not determined by chance, but are simply to be regarded as 
given numbers. At each observation we observe a certain variable 
argument, and the results of each sequence are classified according 
to this argument in r groups, the number of observations in the ^:th 
group of the ^':th sequence being denoted by v, j. Our data will then 
be expressed by a table which is formall}' identical with Table 30.5"!, 
the column totals v.j being here denoted by nj. In the present case, 
however, the table does not express the result of one single sequence 
of observations, but of s independent sequences, each of which cor¬ 
responds to one column of the table. 

In such a case, it is often required to test the hypothesis that 
the s samples represent ed by th e c olu mns are (praion from the same 
populafiXifT^^^o ^at the data are homogeneous in this respect. This is 
equTvaleht to the hypothesis that there are r constants p,, . . pr with 
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I ^ such that the propability of a result belongiuj^ to the i:th 

i ^ . " 

group is equal to pt in all s sequences. 

nr~7)rder hypothesis, we calculate from the same 

formula (30.5.1) as in the previous case. A slight modification of the 
})roof of 30.3 then shows that, if the hypothesis is true, x* has the 
usual lim iting distribution with the~same number (r — 1)(5 — T ) of d. 
ofTrTas beforie,._ 


Unlike the corresponding proposition of the preceding paragraph, this is not a 
direct corollary of the general theorem of 80.3, bnt reiiuires separate proof. The 
theorem of 80.8 may, in fact, be generalized to the case when we consider 8 inde¬ 
pendent samples of n,, . . ., individuals, all with the same r frequency groups, and 
determine a certain number, say i, of unknown parameters by applying the modified 


X* minimum method to the expression x* 


1 

hj 




A straightforward 


generalization of the proof of 30.3 then shows that has the usual limiting distri¬ 
bution with (r— 1)8— t d. of fr. In the case considered above, we are concerned 
with the hypothesis that the s samples are drawn from the same population, without 
further specification of the distribution, so that the parameters are the probabilities 
p, themTselves. Owing to the relation = 1 there are f « r — 1 parameters, and thus 


(r — 1)(8 — 1) d. of fr. 

By means of the generalized theorem, we may also apply x* hypo* 

thesis that 8 given samples are drawn from the same population of a specified type 
such as the Poisson, the normal, etc. In such a case, the application of the modified 
X* minimum method to the above expression for x* shows that the parameters of 
the distribution should be determined in the same way as if w’e were concerned with 
one single sample with group frequencies equal to the row sums v,- of the given 
table. The proof of this statement will be left as an exercise for the reader. 


In the particular case when r = 2, the table may be written: 



We are here concerned with s sequences of observations, the number 
of occurrences of a certain event E being respectively and 

we ask whether it is reasonable to assume that E has a constant, 
though unknown probability p throughout the observations. The 
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estimate to be used for p will here be the frequency ratio of E in 
the totality of the data: = 1 — g* — ^ 2 obtain from 

the formula (30.5.1)*) 


(30.6.1) 




9* 


? r < 


with s—l d. of fr. Writings Q' ='7 -fbe quantity Q is 

W (5 — 1) 

identical with the divergence coefficient introduced by Lexis. In ac¬ 
cordance with (30.5.2), we have JS(<?^)= 1. (Cf e. g. Tschuprow, Ref. 
227 a, Cramer, Ref. 10, p. 105—^123.) 

Table 30.6.1 gives the number of children born in Sweden during 
the 5=12 mouths of the year 1035. The estimated probability of a 

male birth is v* = -- 0 517 5082. From (30.6.1) we find 7* = 14.986 

^ S8 273 

with 11 d. of fr., which corresponds to P==0.18, so that the data 
are consistent with tlie hypothe.si.s of a constant probability. 


Table 30.6.1. 

Sex distribution of children born in Sweden in 1935. 



Total ; 7280' 6957 7883 7884| 7892 7609! 7685 7393| 7203| 6903j 66621 7132j 88273 


We finally consider the case 5 = 2. In this case we are concerned 
with two independent samples, and we want to know whether these 
are drawn from the same population. The table may then be written 


I 




f^x 

4- V, 

fH 



-f- 


Vr 

Mr 

-h Vr 

m 

n 

: m 

4- n 


*; Cf also 30.2.1 . 
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We have r — 1 d. of fr., and (30.5.1) gives (cf. K. Pearson, Ref. 186, 
and R. A. Fisher, Ref. 91) 

(30.6.2) ;r* = m n 2 —T— (“ ““ * 

^ Vi\m vj 

Writing and 13'= ——» this reduces to the following 

® At/ + V/ m + « ** 

expression due to Snedecor (Ref. 35, p. 173), which is often convenient 

for practical computation, 

It - 

mn 

(30.6.3) 

Table 30.6.2 gives some income distributions from the Swedish 
census of 1930. When we compare the income distributions of the 
age groups 40—50 and 50—60 for all industrial workers and employees, 

(30.6.3) gives = 840.62 with 5 d. of fr., showing a highly significant 
difEerence between the distributions. It is evident that in this case 

Table 30.6.2. 


Income distributions from Swedish census of 1930. 



All workers and employees in 
industry 

Foremen in industry 

Income 

(unit 1000 kr) 

Age group 


Age group 

CT,. 


40-60 

60-60 

40-60 

60-60 

Vf 

0-1 

7 831 

7 658 

0.6088 6997 

71 

54 

O.hfm 0000 

1-2 

26 740 

20 685 

0.5688 8764 


324 

0.5702 9178 

2-3 

36 672 

24 186 

0.5962 6758 

1 072 

894 

0..5452 6958 

3-4 

20 009 

12 280 

0.6196 8472 

1609 

1 202 

0.5728 9417 

4-6 

11 627 

6 776 

0.6297 8747 

1 178 

903 

0..‘)660 7400 

6- 

6 919 

4 222 

0.6210 3940 

168 

112 

0.5851 8.519 

Total 

108 698 

75 707 

0.5892 2981 


3 489 

0.6642 5628 


X* = 840.62 (6 d. 

of fr.) 

x' = 

4.27 ,6 d. of fr.) 


P < O.ool 


P = 

0.51 



y \ 

" fii + Vi m nI 
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30.6-7 


the numbers tzTi show a tendency to increase with increasing income. 
When we pass to the more homogeneous group of the foremen, however, 
this tendency disappears, and the comparison of the income distribu¬ 
tions of the two age groups gives here — 4.27 and P = 0.51, so that 
we may consider these two samples as drawn from the same population. 


30.7. Criterion of differential death rates. — Suppose that, in a 
mortality investigation, we have obtained the following data for two 
different classes (districts, occupations etc.) of persons: 


Age group 

Class A 

Class B 

Exposed to risk 

Deaths 

Exposed to risk 

Deaths 

1 

w, 

d, 

m 

d\ 

2 

n. 


n. 


r 


i 

K 

... 


It is required to test whether the sequences of death rates ililnt and 
(film obtained from these data are significantly different. For each 
age group, we may form a 2 • 2 table of the type 

Class A. Class B. 


Dead. r/, d'i 

Surviving. m — di m — di 


and calculate from (30.6.2) the corresponding quantity 
__ mm (wi 

[di -f d'i) [m -h m ■— di — d'i) m) 

which has one d. of fr. The successive X] are independent. Thus if 
we assume that the two populations have identical death rates, the 
sum X* ^ ^X] has the usual limiting distribution with r d. of fr., 

t 

and this provides a test of the hypothesis (cf K. Pearson and Toolier, 
Ref. 187; R. A. Fisher, Ref. 91; Wahlund, Ref. 228). 

Table 30.7.1 contains some data from a tuberculosis investigation 
by G. Berg (Ref. 61). It is required to test whether there are any 
significant differences in mortality between the two sexes during the 
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first jear after the finding of T.B. plus. The total x* amounts to 
22.2 with 10 d. of fr., which corresponds to P~0.014, so that the 
deviation is »almost significant» according to our conventional termi¬ 
nology (cf 30.2). From the values of X} given in the last column of 
the table, it is seen that the main contributions to z* anse from 
the ag^s 30—50, where the women show a considerably higher mor¬ 
tality than the men. 

Table 30.7.1. 


Death rates for patients suffering from open pulmonary tuberculosis, 
during first year after finding T.B. plus. 


Age group 

Men 

Women 

z? 

Exposed 
to risk 

»»/ 

Deaths 

d, 

Death 

rate 

% 

Exposed 
to risk 

Deaths 

Death 

rate 

% 

16-19 

406 

166 

88.4 

600 

174 

34.8 

1.25 

20-24 

606 

204 

29.4 

816 

246 

30.1 

0.11 

26-20 

686 

169 

28.0 

619 

184 

29.7 


80-34 

464 

128 

28.2 

433 

160 

34.6 

4.22 

86-39 

274 

82 

29.0 

267 

92 

36.8 

2.10 

40-44 

221 

68 

1 80.8 

194 

83 i 

42.8 

6.48 

46-49 

163 

41 

26.8 

94 

89 

41.6 

6.75 

60-64 

110 

34 

80.9 

68 

20 1 

34.5 

0.28 

66-69 

60 

36 

62.2 

29 

13 

44.8 

0.46 

60- 

89 

43 

1 48.8 

47 

28 j 

69.6 

1.67 

Total 

3 066 

061 

1 

! 

3 047 

1029 


22.20 


30.8. Further tests of goodness of fit. — As already observed in 
30.1, it is always advisable to try to supplement the z^ test by other 
methods. In many cases, a simple inspection of the signs and magni¬ 
tudes of the differences between observed and expected frequencies 
will reveal systematic deviations from the hypothesis tested, even 
though z* have a non significant value. 

When the test is applied to a comparatively small sample, it is 
necessary to use a grouping with large class intervals, and thus sacri¬ 
fice a good deal of the information conveyed by the sample. In such 
cases, it would be desirable to have recourse to a test based on the 
individual sample values. We shall now briefly mention a test of 
this type. 
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Let it be required to test the hypothesis that a sample of n ob- 
serred values Xi^ . , Xn has been drawn from a population with the 
given d. f. The d. f. of the sample (cf 25.3) is F* (x) = Wn, where 

V is the number of sample values ^ x. Since F* converges in prob- 
abibilitj to F (cf 25.5) for any fixed x^ we may consider the integral 

— 00 

where JiC(a;) may be more or less arbitrarily chosen, as a measure of 
the deviation of our sample from the hypothesis.' Tests based on 
measures of this type were first introduced by Cramer (Ref. 10 and 
70) and von Mises (Ref. 27). Following SmimofP (Ref. 215), we shall 
here take K(x) = F(x), and thus obtain the integral 

oe 

W* = ]■ [2^ (ar) - F (x)]* dF(x). 


If the sample values Xj, . . . ., Xn are arranged in increasing order, we 
have for any continuous F[x) 




a 


1 

12 



2y~n* 

2« J 


When the individual sample values are known, the exact value of 
may thus be simply calculated. When only a grouped sample is avail¬ 
able, an approximate value can be found, e. g. by the usual assumption 
that the are situated in the mid-points of the class intervals. 

As observed in 25.5, F^ [x) is the frequency ratio in n trials of an 

_ p\ 

event of probability /^’(x). Hence E(F*Ff = — - - - By means 

91 

of this remark, it is possible to find the mean and the variance of cs*. 
These are independent of F(x), and we have 


£;(w*)= 


1 

6n’ 


D*(w*) 


4w—3 
180 n» ■ 


Comparing the value of co* found in an actual sample with the mean 
and the variance calculated from these expressions, we obtain a test 
of our hypothesis. — The sampling distribution of w*, which is inde¬ 
pendent of F(x), has been further investigated by Smirnoff (Ref. 215), 
who has shown that has, as w oo, a certain non-normal limiting 
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distribution independent of n (cf the case of ii r* in 29.13). It would 
be desirable to extend the theory to cases when the hypothetical 
F(x) is not completely specified, but contains certain parameters that 
must be estimated from the sample. 

Further important tests of goodness of fit have been proposed e. g. 
by Neyman (Ref. 164) and E. S. Pearson (Ref. 191). 


CHAPTER 31. 

Tests of Significance for Parameters. 


31.1. Tests based on standard errors. — In the applications, it 
is often required to use a set of sample values for testing the hypo¬ 
thesis that a certain parameter of the corresponding population, such 
as a mean, a correlation coefficient, etc., has some value given in ad¬ 
vance. In other cases, several independent samples are available, and 
we want to test whether the differences between the observed values 
of a certain sample characteristic are significant, i. e. indicative of a 
real difference between the corresponding population parameters. 

Now we have seen in Ch. 28 that important classes of sample 
characteristics are, in large samples, asymptotically normal with means 
and variances determined by certain population parameters. Hence we 
may deduce tests of significance for hypotheses of the above type, 
following the general procedure indicated in 26.2 (cf also 35.1). 

Thus if we draw a sample of n values Xj, . . ., o^n from any popula¬ 
tion (not necessarily normal) with the mean m and the s. d. a, we know 
by 17.4 and 28.2 that the mean x of the sample values is asymptotic¬ 
ally normal (m, a/V^). Suppose for one moment that we know a, and 
that we are testing the hypothesis that m has a specified value Wq. 
If the hypothesis is true, x is asymptotically normal (wq, alV^). De¬ 
noting by Ip the p % value of a normal deviate (cf 17.2), we thus 
have for large n a probability of approximately % to encounter a 
deviation jx —Wol exceeding kpajV n. Working on a p % level, we 
should thus reject the hypothesis if | x — wiq | exceeds this limit, whereas 
a smaller deviation should be regarded as consistent with the hypo¬ 
thesis. 
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Now in practice we usually do not know a. By 27.3 we know, 
however, that the s. d. s of the sample converges in probability to a 
as n oo. Hence for large n there will only be a small probability 
that s differs from a by more than a small amount. For the purposes 
of our test, we may thus simply replace a by s, and act as if we had 
to test the hypothesis that £ were normal (m^,, s/Vn), where s is the 
known value calculated from our sample. An observed deviation 
exceeding Xps/VH will then lead us to reject the hypothesis 
wi = wio on a p % level, while a smaller deviation will be regarded as 
consistent with the hypothesis. 

The same method may be applied in more general cases. Consider 
any sample characteristic the distribution of which in large samples 
is asymptotically normal. In the expression for the variance of the 
asymptotic normal distribution of we replace any unknown popula¬ 
tion parameter by the corresponding known sample characteristic, 
retaining only the leading term of the expression for large w. The 
expression d{s) thus obtained will be denoted as the standard error 
of z in large samples. If it is required to test the hypothesis that 
the mean E(z) has some specified value regard z as normally 

distributed with the known s. d. d(z). If the deviation 1^’ — 2 ^ 0 ! 
ceeds Jipd(z}y the hypothesis will then be rejected on thep % level, and 
otherwise accepted. 

In this way, all expressions deduced in Chs 27—28 for the s. d:s 
of sample characteristics and of their asymptotic normal distributions 
may be transformed to standard errors. Thus e. g. by (27.2:1), (27.4.2) and 
(27.7.2) the standard errors of the sample mean x, the sample variance 
= m, and the sample s. d. = are 


d(z) = 




dU‘) = 


Vn' 




2sVn 


If it is assumed that the population is normal, the simpler expressions 
corresponding to this case may be applied. Thus e. g. by 28.5 the 
standard error of the median of a normal sample is 

s V7t/(2 w) = 1.2633 s/V n . 

When a sample characteristic z has been computed, it is customary 
in practice to indicate its degree of reliability by writing the value z 
followed by ± d(z). Thus e. g. the sample mean is written x ± siV 
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etc — For the frequency ratio in n trials of an event of constant 
probability jp, we have by (16.2.2) E(v/n) = p and D(v/«) = V"pq/w, 

K y/yj y\ 

—\ and consequently the fre» 
V 1 / V (m V) 

quency ratio will be written — ± y —. The corresponding per- 


V 

centage t«r= 100- is accordingly written ur ± 

If two independent samples are given, the difference between their 
means or any other characteristics may be tested with the aid of 
the standard errors. If the means x and y are regarded as normal 
(wij, s^fV «i) and (wi„ sjVnf) respectively, the difference x — y will be 


V 


tar (100 — tsr) 


normal — w?,, hypothesis concerning the 

value of the difference — nig can now be tested in the way shown 
above. In particular, the hypothesis ntj = will be rejected on the 


p % level, if I — y I > Ip 1/ ~ and otherwise accepted. 

f Wl fig 

All the above methods are valid subject to the condition that 
our samples are »large*. There are two kinds of approximations in¬ 
volved, as we have supposed a) that the sampling distributions of our 
characteristics are normal, and b) that certain population characteris¬ 
tics may be replaced by the corresponding values calculated from the 
sample. In practice, it is often difficult to know whether our samples 
are so large that these approximations are valid. However, some 
practical rules may be given. When we are dealing with means, the 
approximation is usually good already for n > 30. For variances, me¬ 
dians, coefficients of skewness and excess, correlation coefficients in 
the neighbourhood of p = 0, etc., it is advisable to require that n 
should be at least about 100. For correlation coefficients considerably 
different from zero, even samples of 300 do not always give a satis¬ 
factory approximation. 

Even in cases where ii is smaller than required by these rules, or 
where the sampling distribution does not tend to normality, it is often 
possible to draw some information from the standard errors, though 
great caution is always to be recommended. — When the sampling 
distribution deviates considerably from the normal, the tables of the 
normal distribution do not give a satisfactory approximation to the 
probability of a deviation exceeding a given amount. We can then 
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always use the inequality (15.7.2), which for any distribution g^ives 
the upper limit for the probability of a deviation from the mean 
exceeding h times the s. d. However, in most cases occurring in prac> 
tice this limit is unnecessarily large. It follows, e. g., from (15.7.4) 
that for all unimodal and moderately skew distributions the limit may 
be substantially lowered. The same thing follows from the inequality 
given in Ex. 6, p. 256, if we assume that the coefdcient of the 
distribution is of moderate size. When there are reasons to assume 
that the sampling distribution belongs to one of these classes, a devia¬ 
tion exceeding four times the s. d. may as a rule be regarded as 
clearly significant. — When n is not large enough, it is advisable to 
use the complete expressions of the s. drs, if these are available, and 
not only the leading terms. Further, we should then use the unbiased 
estimates (cf 27.6) of the population values, thus writing e. g. siV « — 1 
instead of slV^n for the standard error of the mean. — Whenever 
possible it is, however, preferable to use in such cases the tests based 
on exact distributions that will be treated in the next paragraph. 


31.2. Tests based on exact distributions. — When the exact sampling 
distributions of the relevant characteristics are known, the approxi¬ 
mate methods of the preceding paragraph may be replaced by exact 
methods. As observed in 29.1, this situation arises chiefly in cases 
where we are sampling from normal populations. 

Suppose, e. g., that we are given a sample of n from a normal 
population, with unknown parameters m and <7, and that it is required 
to test the hypothesis that m has some value given in advance. If 
this hypothesis is true, the sample mean x is exactly normal [myalVn)^ 

and the standardized variable -— is normal (0, 1). The approxi- 

cr 

mate method of the preceding paragraph consists in replacing the 
unknown a by an estimate calculated from the sample — for 

small n preferably ^ a — and regard the expression thus 

obtained, -as normal (0,1). Now t is identical 

8 

with the Student ratio of 29.4, and we have seen that the exact distri¬ 
bution of t is Student’s distribution with n — 1 d. of fr. If tp denotes 
the p % value (cf 18.2) of ^ for w — 1 d. of fr., the probability of a 
deviation such that \t\> tp is thus exactly equal to p%. The hypo- 
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thetical value m will thus have to be rejected on a p % level if 
I < I > fp, and otherwise accepted. 

As 92 00 , the ^di8tribution approaches the normal form (cf 20.2), 

and the figures for this limiting case are given in the last row of 
Table 4. It is seen from the table that the normal distribution gives 
a fairly good approximation to the ^distribution when n ^ 30. For 
Huiall II, however, the probability of a large deviation from the mean 
is substantially greater in the ^distribution (cf Fig. 20, p. 240). 

When we wish to test whether the means x and y of two inde¬ 
pendent normal samples are significantly different, we may set up the 
»null hypothesis* that the two samples are drawn from the same nor¬ 
mal population. It has been shown in 29.4 that, if this hypothesis is 
true, the variable 


(31.2.1) 


K n, w,(n, + w, —2) 

», + «, 


X — y 

y iij H- Itj Si 


has the f-diatribution with Wj + w, ~ 2 d. of fr. When the means and 
variances of the samples are given, u can be directly calculated. If 
|ti| exceeds the p % value of t for + n, — 2 d. of fr., our data 
show a significant deviation from the null hypothesis on thep % level. 
If we have reason to assume that the populations are in fact normal, 
and that the s. d:s and o, are equal, the rejection of the null 
hypothesis implies that the means and m, are different (cf 35.5). 

It is evident that we may proceed in the same way in respect of 
any function e of sample values, as soon as the exact distribution of 
z is known. We set up a probability hypothesis, according to which 
an observed value of e would with great probability lie in the neigh¬ 
bourhood of some known quantity Zq. If the hypothesis H is true, z 
has a certain known distribution, and from this distribution we may 
find the p % value of the deviation \zZ q\, i. e. a quantity hp such 
that the probability of a deviation \z’—ZQ\>hp is exactly ^ 
Working on a p % level, and always following the procedure of 26.2, 
we should then reject the hypothesis H if in an actual sample we 
find a deviation \ z — Zq\ exceeding hp, while a smaller deviation should 
be regarded as consistent with the hypothesis (cf 35.1). 

When we are concerned with samples drawn from normal popula¬ 
tions, tests of significance for various parameters may thus be founded 
an the exact sampling distributions deduced in Ch. 29. In practice, 
it is very often legitimate to assume that the variables encountered 
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in different branches of statistical work are at least approximately 
normal (cf 17.8). In such cases, the tests deduced for the exactly 
normal case will usually gfive a reasonable approximation. It has, in 
fact, been shown that the samplings distributions of various important 
characteristics are not seriously affected even by considerable devia¬ 
tions from normality in the population. In this respect, the reader 
may be referred to some experimental investigations by £. S. Pearson 
(Ref. 190), and to the dissertation of Quensel (Ref. 200) on certain 
sampling distributions connected with a population of Charlier's type 
A. It seems desirable that investigations of these types should be 
further extended. 

31.3. Examples. — We now proceed to show some applications 
of tests of the types discussed in the two preceding paragraphs. We 
shall first consider some cases where the samples are so large that it 
is perfectly legitimate to use the tests based on standard errors, and 
then proceed to various cases of samples of small or moderate size. 
With respect to the significance of the deviations etc. appearing in 
the examples, we shall use the conventional terminology introduced 
in 30.2. 

Ex. 1. In Table 31.3.1 we give the distribution according to sex 
and ages of parents of 928 570 children born in Norway during the 
years 1871—1900. (From Wicksell, Ref. 231.) It is required to use 
these data to investigate the influence, if any, of the ages of the 
parents on the sex ratio of the offspring. 

As a first approach to the problem, we calculate from the table 
the percentage of male births, and the corresponding standard error, 
for four large age groups, as shown by Table 31.3.2. 

There are no significant differences between the numbers in this 
table. The largest difference occurs between the numbers 51.689 
and 51.111, and this difference is 0.478 ± 0.222. The observed difference 
is here 2.16 times its standard error, and according to our conventional 
terminology this is only ’almost significant’. Nevertheless, the table 
might suggest a conjecture that the excess of boys would tend to 
increase when the age difference x — y decreases. 

In order to investigate the question more thoroughly, we consider 
the ages x and y of the parents of a child as an observed value of 
a two-dimensional random variable. Table 31.3.1 then gives the joint 
distributions of x and y for two samples of nj = 477 533 and 
n, 451037 values, for the boys and the girls respectively. If the 

457 



31.3 


Table 31.3.1. 

Live born children in Norway 1871—1900. 


Age of 
father 

Age of mother 

y 

Total 

X 

—20 

20—26 

26—30 

80—36 

86—40 

40—46 

46— 


Boys 

—20 

377 

074 

566 

187 

08 

26 


2 217 

20—26 

2 173 

18 043 

11 173 

3 448 

1 022 

268 


36 147 

26—30 

1 814 

26 066 

43 082 

16 760 

4 664 



04 272 

30—36 

700 

14 262 

38 606 

41 208 

14 476 

3 243 



86—40 

238 

4 738 

17 014 

32 240 

31 678 

8 426 

836 

06 066 

40—46 

103 

1 701 

0 686 

16 214 

24 770 

18 070 

2 171 

60 714 

46-60 

47 

605 

2 603 

6 062 

12 463 

13 170 

4 000 

38 016 

60—66 

21 

311 

005 

2 603 

4 402 

0 322 

2 674 


66—CO 

6 

133 

412 

026 

1 700 

2 141 

1 080 


60—66 

10 

67 

100 

408 

736 

822 

3<I8 

2 671 

66—70 


26 


173 

266 

283 

131 

052 



12 

40 

60 

no 

113 

48 

300 

Total 

6 400 

67 087 

122 no 

120 077 

06 353 

63 866 


477 633 

Girls 



■■ll 






—20 

310 

861 


206 


22 

3 


20—25 

2 183 

16 000 


3 103 


242 

45 

34 226 

26—80 

1 703 

25 147 


16 637 


043 

06 

88 738 

30-35 

707 

13 264 


38 610 


3 018 

202 


35-40 

230 

4 076 

17 106 

30 463 


7 883 

772 

01043 

40-46 

101 

1 070 

0 278 

15 323 

23 803 

10 083 

1 041 


46—50 

38 

040 1 


6 603 

11 764 

12 830 

3 823 


50—66 

10 

284 


2 460 

4 221 

6 816 

2 480 


66—60 

12 

120 


874 

1 726 

2 000 

1 070 

0217 

60—06 

6 

64 


381 

601 

760 

326 

2 278 

05—70 

8 

20 


154 

277 

247 

114 

on 

70— 

1 

18 


67 

108 

116 

40 

370 

Total 

6 366 

03 743 

116 104 

ri2 070 

01 802 

60 364 




sex ratio among the newborn varies with the ages of the parents^ the 
(.r, t/)-distribution must be different for the boys and the girls, so that 
the two samples are not drawn from the same population. 


458 

































31 ^ 


Table 31.3.2. 
Percentage of male births. 


Age of 
father 

Age of mother 1 

y 


X 

< 80 

> 30 

< 86 

61.400 iO.ooo 

61.580 ±0.189 

> 35 

61.111 ±0.186 

61.480 ±0.081 


Table 31.3.3. 

Sample moments for Table 31.3.1, in units of the classbreadth (5 years). 


Central 

moments 

Boys 

Girls 

Raw 


Raw 

Corrected 


2.0187 

2.8804 

2.0080 

2.8208 


1.4140 

1.4140 

1.4085 

1.4085 

mo, 

1.7060 

1.7128 

1.7020 

1.7000 

mio 

8.0000 

3.0000 

3.080] 

3.0801 

m«, 

0.4588 

0.4588 

0.4588 

0.4588 

m4o 

28.0570 

27.2807 

28.4585 

27.0800 

m„ 

10.8687 

9.0002 

10 8500 

9.8088 

m„ 

7.7885 

7.8481 

7.0070 

7.8120 

m„ 

6.8110 

6.4575 

6.8020 

6.4400 

mo4 

7.5250 

6.0504 

7.5200 

6.0.587 


Table 31.3.3 shows the uncorrected moments of the two samples, 
and the corrected moments calculated according to (27.9.4) and (27.9.6). 
We first observe that the distributions deviate significantly from nor¬ 
mality. Consider, e. g., the marginal distribution of the father’s age 
X for the boys. On the hypothesis that this distribution is normal, 
we find from the corrected moments gi = 0.6460 ± 0.0086 and p, = 
= 0.4016 ± 0.0071, where the standard errors are calculated from (27.7.9). 
In both cases, the deviation from zero is highly significant, so that 
the hypothesis of normality is clearly disproved.*) 

*) According to Wickseli, 1. c., the distribution is spproximateJy logarithmico' 
normal (cf 17.6). 
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Table 31.3.4. 

Sample characteristics for Table 31.3.1. Unit: one year. 


Characteristics 

Boys 

Girls 

10* • Diir. 

X 

36.699 ±0.0122 

35.708 ±0.0126 

+ 4 + 17.6 

y 

32.128 ±0.0095 

32.116 ±0.0097 

-12 ±13.6 

x-y 

3.671 ±0.0095 

3.687 ±0.0097 

-fl6±13.6 

•i 

8.410 ±0.0094 

8.897 ±0.0097 

-13±13.5 


6.648 ± 0.0068 

6.688 ± 0.0066 

- 6 ± 7.6 

r 

0.6424 ± 0.00097 

0 6414 ± O.OOIOI 

-1.0± 1.40 


Table 31.3.4 gives the values of some important sample characteris¬ 
tics for the boys and the girls» as well as the differences between 
corresponding characteristics for both sexes. The standard errors have 
been calculated according to the rules of 31.1 from the general for¬ 
mulae (27.2.1), (27.7.2) and (27.8.1); thus the simpler expressions (27.8.2) 
and (29.3.3) corresponding to the case of a normal population have 
not been applied here. For the difference J: — y, we find 

D*(x — y) = {al — 2 Qa,(Tt + ffj)/n, 

and consequently the square of the standard error is 

d* {z — y) == (s]— 2 r s, + sl)/n. 

It is seen from the table that there are no significant differences 
between the characteristics. In particular we find that the mean of 
the age difference x — y is not significantly greater for the girls than 
for the boys, so that the conjecture suggested by Table 31.3.2 is not 
supported by further analysis. 

Finally, we may directly apply the x* method to test whether the 
two samples in Table 31.3.1 may be regarded as drawn from the same 
population. In each of the two samples we have, in fact, 12 -7 — 84 
frequency groups, so that the whole table 31.3.1 may be rearranged 
as an 84-2 table of the type considered in 30.6, which may be tested 
for homogeneity by the method, using (30.6.2) or (30.6.3) for the 
calculation of z*. Pooling all groups with fathers above 60, and with 
mothers above 40, we have a 60-2 table, and find = 51.97 with 
(60 — 1)(2 — 1) ~ 59 d. of fr. According to Fisher’s approximation 
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(cf 20.2), K2 X* ~ 10.20 would then be an observed value of a normal 
variable with the mean 1^117 = 10.82 and unit s. d. By Table 1, the 
probability of obtaining a value of at least as large as that actually 
observed is then approximately 1 — <I> (10.20 — 10.82) = 0.78, so that 
the agreement is very good, and the data are consistent with the 
hypothesis that the samples are drawn from the same population. 

The analysis of the data in Table 31.3.1 has thus entirely failed 
to detect any significant influence of the ages of the parents on the 
sex of the children. 

Ex, 2. In a racially homogeneous human population, the distribu¬ 
tions of various body measurements usually agree well with the nor¬ 
mal curve, and the small deviations are well represented by the first 
terms of a Charlier or Edgeworth series, as given e. g. by (17.7.5). 
We refer in this connection to a paper by Cramer (Ref. 70), where 
detailed examples are given. 

In such cases, the standard errors of sample characteristics may 
be calculated from the simplified expressions which hold for the 
case of a normal parent distribution. Thus by (29.3.3) the standard 
error of s may be put equal to s/V^, the standard error of the 
coefficient of variation V may be calculated from (27.7.11), etc. 

For the stature of Swedish conscripts, measured in the years 
1915—16 and 1924—1925 at an average age of 19 years 8 months, 
we find according to Hultkrantz (Ref. 128) the sample characteristics 
given in Table 31.3.5. The table shows a highly significant increase 
of the mean and the median during the interval of 9 years between 
the measurements. On the other hand, the s. d. and the coefficient 

Table 31.3.5. 


Sample characteristics for the stature of Swedish conscripts. 


Characteristics 

1916—16 

1924—26 

10* - Diff. 

n. 

Mean x .cm 

Median. » 

Semi'interqnartile range . » 
100 V = 100 six . 

80 084 

171.80 + 0.022 

171.81 ±0.027 

6.16 ±0.016 

4.06 ±0.017 

8.68±0.0090 

89 337 

172.68±0.020 

172.65 ±0.025 

6.04 ±0.014 

I 4.02 ±0.016 

3.60 ±0.0088 

+ 78 ±3.0 

+ 74 ±3.7 

-ll±2.l 

- 8±2.8 

— 8±1.2 
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of variation show a highly significant decrease, while the decrease 
of the semi-interquartile range is not significant. 

These results agree well with further available data from Swedish 
conscription measurements. During the last 100 years, the mean 
stature of the conscripts has eteadily increased, while the s. d. has 
decreased. 

According to Table 31.3.5, the increase of the mean stature for 
the observed samples during the period of 9 years amounts to 
0.78 ± 0.080 cm. What kind of conclusions can we draw from this 
fact with respect to the unknown increase Jm of the population 
mean m? — We have, in fact, observed the value 0.78 cm of a vari¬ 
able which is approximately normally distributed, with the unknown 
mean and a s. d. approximately equal to O.oao cm. Let us, for 

the sake of the argument, assume that the word »approximately» may 
be omitted in both places, and let as usual Ap denote the p % value 
of a normal deviate (cf 17.2). Consider the hypothesis that dm is 
equal to a given quantity e. If we are working on a p % level, this 
hypothesis will evidently be regarded as consistent with the data if 
c is situated between the limits 0.78 ± O.oso Ap, while otherwise it will 
be rejected. The quantities 0.78 ± O.oao Ap are called the p % confidence 
limits for dm^ and the interval between these limits is the p % con¬ 
fidence interval. — We shall return to these concepts in Cb. 34. 

Ex. 3. The occurrence of exceptionally high or low water levels 
in lakes or rivers is often of great practical importance. For the 
average water levels of Lake Vanern in the month of June of the 
n = 124 years 1807—1930, we have (data from Lindquist. Kef. 149) 
the mean if» 4454.6 cm above sea level, and the s. d. 5 = 48.61 cm. 
The distribution agrees well with the normal curve. Grouping the 
original data (which are not given here) into 9 groups with the class- 
breadth A a 20 cm, we find z* 3.728. For 9 — 2 — 1 = 6 d. of fr. 
this gives P = 0.7l, so that the fit is very good. 

If we denote by the v:th value from the top in a normal 
sample of n values, while is the y:th value from the bottom, the mean 
and the s. d. of are given by (28.6.16), while the corresponding 
expressions for y^ are obtained by obvious modifications. Replacing 
in these expressions the population parameters m and a by the sample 
values t and s given above, and neglecting the error terms, we obtain 
the means and standard errors given in Table 31.3.6, which also shows 
the extreme June levels actually observed during the period. 
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Table 31.3.6. 

Extreme water levels of Lake Vanem, June 1807—1930. 


V 

observed 

E{x,) 

approx. 

dix,) 

Diir. in 
units of 
stand, error 

y* 

observed 

«(».) 

approx. 

d{y,) 

Diff. in 
units of 
stand, error 

1 

4666 

4682.1 

20.04 

— 0.80 

4360 

4826.9 

20.04 

-f-l.l6 

2 

4648 

4666.5 

12.55 

— 1.47 

4366 

4842.6 

12.55 

+ 1.07 

3 

4646 

4668.7 

0.82 

— 1.29 

4360 1 

4860.4 

0.82 

+ 0.98 

4 

4636 

4663.4 

8.82 

— 2.21 

4366 

4366.6 

8.82 

-1-1.25 

6 

4636 

4640.5 

7.85 

— 1.97 

4366 

4860.5 

7.85 

-f-0.88 


The absolute magnitude of the differences between the observed 
values and their means is in no case greater than might well be due 
to random fluctuations. We observe, however, that all the lie below 
their means, and conversely for the This is partly due to the 
correlation between the (and the y*), and partly to the fact that 
the approximate mean values are affected with considerable errors, 
since we are dealing with the comparatively low value r? = 124. 

If we may assume that the distribution will remain unaltered for 
a period of, say, 500 years, we obtain in the same way as above the 
mean 4603.6 cm, and the standard error 17.6 cm, for the upper ex¬ 
treme level Xi during this period. It would thus seem highly improb¬ 
able that a level exceeding 4603.6 4 • 17.6 = 4673.9 cm will occur 

during this period. 

Ex. 4. From Student’s classical paper (Ref. 221) on the ^distri- 
bution, we quote the figures given in Table 31.3.7. It is required to 
test whether there is any significant difference between the effects of 
the drugs A and B. If we assume that the difference between the 
gains in sleep effected by the two drugs is normally distributed, the 
last column of the table constitutes a sample of n = 10 values from 
a normal population. On the usual null hypothesis that there is no 
difference between the effects, the mean of this population is zero. 

If this hypothesis is true, the Student ratio t == Vd -—^ is distributed 

^8 

in the ^distribution with 9 d. of fr. (cf 31.2). From the observed 
values, we find t = 4.06, which by Table 4 corresponds to a value of 
P between O.Ol and O.ooi. Thus the deviation from zero is significant, 
and the null hypothesis is disproved. 

463 



31.3 


Xabls 31.3.7. 

Additional hours of sleep gained by ten patients through the use of 
two soporiBc drugs A and B. 


Patient 

Drug A 
r 

Drug B 

y 

Digerenoe 
t » X — y 

1 

l.a 

0.7 

l.a 


0.1 

— 1.6 

3.4 


1.1 

-o.a 

1.8 


0.1 

-l.a 

1.8 


- 0.1 

-O.i 

0.0 


4.4 

8.4 

1.0 

7 

6.A 

8.7 

1.8 

s 

1.6 

0.6 

0.8 

e 

4.6 

0.0 

4.6 

10 

8.4 

3.0 

1.4 


i» 3.68 

y » 0.76 

I « 1.88 


#t 1.666 

fa 1.667 

f, — 1.167 


In this case, where we hare the low ?alue n = 10, it is to be ex¬ 
pected that the approximate test based on the standard error of i 
will not gire a very accurate result. If we apply this test, and use 
the estimate Sg/r 10 1 for the standard error, we are led to regard 
the same ralue as above, Vd (i — 0)/8^ = 4.06, as an observed value of 
a variable which, on the null hypothesis, is normal (0, 1). By Table 
2, this corresponds to P< 0.0001. If we compare this with the value 
of P given by the exact test, it is seen that the error involved in 
applying the approximate test tends to exaggerate the significance of 
the deviation. 

If, in the experiments recorded in Table 31.3.7, two different sets 
of ten patients had been used to test the two drugs, the data might 
also have been treated in another way (cf R. A. Fisher, Ref. 13, p. 
123—125). Suppose that for each drug the gain in sleep is normally 
distributed, the s. d. having the same value in both cases. The samples 
headed x and y are then independent samples from normal popula¬ 
tions with the same cr, and it is required to test the null hypothesis 
that the two population means ffi| and are equal. The variable u 
defined by (31.2.1), where we have to take iii»10, then has the 
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^diBtribution with 18 d. of fr., and from Table 31.3.7 we find u-- 1.86, 
which corresponds to P — 0.08, so that in this way we do not find 
any significant difference between the effects. 

In cases where we may assume that the x and t/ columns are in- 
dependent, both the above methods are available, and if cither test 
shows a clearly significant difference, we must regard the null hypo¬ 
thesis as disproved, even if the other test fails to detect any signifi¬ 
cant difference. — In the case actually before us in Table 31.3.7 
there is, however, an obvious correlation between the x and // columns 
due to the fact that corresponding figures refer to the same patient, 
so that it is not legitimate to apply the second method. 

Ex. 5. For the July temperatures in Stockholm for the - 100 
years 1841—1940, we have (cf Table 30.4.2) the mean x — 1().982 
and the s. d. s= 1.6146. For the 30 first and the 30 last years of the 
period, the means are respectively 16.893 and 17.403. Are these group 
means significantly different from the general mean 16 . 982 ? 

From the expression (29.4.5), we obtain ^ — 0,36 for the k— 30 

first years, and ^=1.97 for the 30 last years, in both cases with 



Fig. 31. Prices of potatoes at 46 places in Sweden, December 1936(7’), and December 
1937 (y). Regression lines: ————. Orthogonal regression line; -. 
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n -- 2 » 98 d. of fr. Both values lie below the 5 % limit, so that this 
test does not indicate any significant change in the summer temperature 
during the century. 

Ex. 6. Fig. 31 shows the distribution of the prices of potatoes (ore 
per 100 kg) in December 1936 (x) and December 1937^ (.v), at n 46 

places in Sweden, according to official statistics. The ordinary char¬ 

acteristics of the sample are 

t = 660.57, y = 732.6S, = 106.8ft, = 120.91, 

r = 0.7928, = 0.7007, = 0.8971. 


Let us assume that the ( 2 ;, ^)-values form a sample from a normal 
population, and that we wish to obtain information about the unknown 
values of the regression coefficient and the correlation coefficient 
^ of this population. _ 


According to (29.8.4), the variable t 


SiV n — 2 


— ^jj) has Stu¬ 


dent's distribution with w — 2 d. of fr. Introducing the values of the 
sample characteristics given above, we may thus test the hypothesis 
that pn is equal to any given quantity c. If we are working on a 
p % level, this hypothesis will be regarded as consistent with the 
data if c is situated between the limits 




-f 


$1 V n — 2 


where tp denotes the p % value of t for w — 2 d. of fr., while other 
wise the hypothesis will be rejected. These limits are the p % con¬ 
fidence limits for (cf Ex. 2 above). In the actual case we obtain 
in this way the following confidence limits for /?,j: 


p = 5%. 0.687 and 1.107, 

p = 1 %.0.617 and 1.177, 

p==0.i %. 0.630 and 1.264. 


For the sample correlation coefficient r = 0.7928, we have by (27.8.1) 
and (27.8.2) approximately the mean p and the standard error 

d(r) = (1 — r*)/Kw == 0.0648. 

If the sampling distribution of r shows a sufficiently close approach 
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to normality, this may be used to test the hypothesis that g is equal 
to any given quantity. However, the sampling distribution of r 
tends rather slowly to normality, when g difiPers considerably from 
zero, and for n = 46 it must be expected that the results obtained 
by the use of the standard error are not very accurate. It is thus 
preferable to use the exact tables of the r-distribution (David, Ref. 
261) or the logarithmic transformation (29.7.3)—(29.7.4) due to R. A. 

I + r 

Fisher. In the latter case, we have to regard ^ = i log --as norni- 

1 — r 


ally distributed, with the mean ^ log 
HVn — 3, so that the variable 


111 

1 — g 


+ 


Q 

2(u~l) 


and the s. d. 





1 -f r 


1 - r 



9 


)) 


is normal (0, 1). Working on a j? % level, we are thus led to regard 
the data as consistent with any hypothetical value of p, if 


11 1 ^ P 

i log ;-+ 


1-e 2(«-i) 


falls between the limits 


i log 




where Xp is the p % value of a normal deviate, while otherwise the 
hypothetical value will be rejected. When r is known, these limits 
may be calculated for any p, and the corresponding values of g are 
then obtained by the numerical solution of an equation of the form 


i log ^ + 


■ = k. These values are the p % confidence limits 


l-p ■ 2(w- 1) 

for g. In the actual case, we obtain the following confidence limits 
for g ; 


P = 5 %.0.6486 and 0.8783, 

P=1 %. 0.5913 and 0.8980, 

p = 0.l %.0.5164 and 0.9171. 


Ex. 7. Table 31.3.8 gives the values (taken from official records) 
for the w = 30 years 1913—1942 of the following four variables: 

Xi = average yield of wheat (autumn sown) in kg per 10* m* for 
20 rural parishes in the district of Kalmar (Sweden). 
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Table 31.3.8. 

Wheat yield, temperature and rainfall in the Kalmar district. 


Year 

Wheat 

yield 

Winter 

temperatare 

a?, 

Summer 

temperature 

Rainfall 

Beat linear 
estimate of rn, 

xT 

1913 

1990 

n 

n 

230 

2126 

]914 

1060 

■1 


268 

2295 

1916 

1680 

1.0 

12.0 

188 

1899 

1916 

1720 

1.8 

11.7 

316 

2068 

1917 

1660 

1.0 

12.7 

180 

1794 

1918 

1680 

1.6 

12.0 

261 

2004 

1919 

1980 

2.8 

12.2 

316 

2017 

1920 

2180 

1.7 

12.8 

346 

2223 

1921 

2370 

3.1 

13.1 

131 

1996 

1922 

1790 

l.l 

11.8 

266 

1918 

1923 

2400 

1.6 

11.2 

327 

2100 

1924 

1410 

0.1 

11.8 

320 

1913 

1926 

2670 

3.7 

13.2 

382 

2680 

1926 

2180 

1.1 

12.5 

279 

1996 

1927 

2160 

2.5 

12.2 

361 

2313 

' 1928 

2530 

o.« 

10.5 

324 

1966 

1929 

2100 

0.8 

10.9 

196 

1718 

1930 

2330 

3.6 

12.4 

381 

2629 

1931 

1860 

1.6 

10.7 

273 

1970 

1932 

2230 

1.0 

12.5 

289 

2123 

1933 

2610 ! 

2.2 

11.9 

338 

2234 

1934 

i 2600 

3.0 

13.6 

267 

2271 

1936 

{ 2480 

3.2 

12.8 

372 

2463 

1936 

1940 

2.8 

12.8 

367 

2370 

1937 

' 2770 

2.1 

13.5 

368 

2332 

1938 

i 2670 

3.8 

12.9 

202 

2154 

1939 

I 2610 

3.8 

13.4 

311 

2461 

1940 

; 1420 

t 

-l.l 

11.8 

172 

1434 

1941 

1 810 

-0.4 

11.8 

194 

1672 

1942 

j 1»«0 

-2.4 

11.2 

261 

1434 
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Xg = mean Celsius temperature of the air at Kalmar during the 
preceding^ winter (October—March). 

ojj = mean Celsius temperature of the air at Kalmar during the 
actual vegetation period (April—September). 

X 4 == total rainfall in mm during the vegetation period, average 
for three meteorological stations in the district. 

In this case it seems reasonable to regard the variables and 
X 4 as causes, each of which contributes more or less to the value of 
the yield x^. It is required to investigate the nature of the causal 
relations between the variables. When the data are so few as in this 
example, we cannot hope to reach very precise results, but have to 
be satisfied with some general indications with respect to the signi* 
ficance or non-significance of the various possible influences. 

We shall assume that the joint distribution of the four variables 
is normal. The correlation matrix K — {r,j} of the sample is 


1 

0.59107 

0.69I07 

1 

0.41082 

0.H7O28 

.0.48120 

0.31838 


0.4 1082 

0.48120 

0.87028 

0.31838 

1 

0.10720 

0.10720 

1 


The determinant E = | r,; | is the square of the scatter coefficient 
(cf 22.7) of the sample. If the Xi are independent, we have by (29.13.2) 
E(R) = O. 8 O 6 and D(H) approximately == 0.116. From the above matrix, 
we actually find R — O. 273 , so that a dependence between the variables 
is clearly indicated. 

The significance of the various nj may be judged by means of the 
distribution (29.7.5), which holds for Vij if Xi and xj are independent. 
According to (29.7.6), the hypothesis that Xi and xj are independent 
will be disproved on the p % level, if |r,j| exceeds the limit tpjVtp -f v 
where tp is the p % value of t for v -- u — 2 d. of fr. A table of 
this limit for various values of n and p is given by Fisher and Yates 
(Ref. 262). For the usual 5 %, 1 % and O.i % levels, the values of 
the limit are 


D. of fr. 

p - 5 % 

p 1 % 

p -- 0.1 % 

V = 26 

0.3740 

0.478fl 

0.5880 

11 

0.3073 

0.4706 

0.6790 

v = 2 K 

0.3fi0l> 

0.4829 

0.67O3 
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For our rtj we hare v = w2 ~ 28 d. of fr., so that all vtj except 
r ,4 and r ,4 exceed the 5 % limit, r,, lies between the 5 % and 1 % 
limits, and ri 4 is almost equal to the 1 % limit, while rj, and 
even exceed the O.i % limit. It is interestinsf to note that r,| is con¬ 
siderably largfer than r, 3 , which seems to indicate that the temperature 
of the last winter has a greater influence on the yield than the tem¬ 
perature of the summer. 

The partial correlation coefficients rtj.k may be calculated from 
(23.4.3), and we find the following ralues: 

rirz = 0.4e«« ns a = 0.0244 ri4.a = 0.8670 

ria.4 == 0.6281 ri8.4 = 0.4096 ru.s = 0.4602 

For the significance limits of the nj.jt, we have by (29.13.5) an ex¬ 
pression of the same form as for the n^, with v = w — 3 == 27 d. of fr. 
Among the six coefficients given above, it is thus only ria .4 that ex¬ 
ceeds the 1 % limit, though both i ia.a and ru.s lie very close to this 
value. If we compare e. g. = 0.41082 with the values given for 
ri;i.a and we find that the elimination of the influence of the 

winter temperature Xf has reduced the correlation between the yield 
and the summer temperature to the completely insignificant value 
ris a = 0.0244, while the elimination of the rainfall 0:4 has practically 
no effect on the correlation. On the other hand, the comparison 
between Th = 0.69108 and rus or ri 3.4 shows that the correlation be¬ 
tween yield and winter temperature is not substantially reduced by 
the elimination of summer temperature or rainfall. With respect to 
r| 4 , the situation is much the same as for r,,. — These comparisons 
seem to suggest the conjecture that the winter temperature or, and 
the rainfall x^ are the really important factors, while the influence 
of the summer temperature x^ is mainly due to the fact that x^ is 
rather strongly correlated with x^ (r„ = 0 .67028). 

The partial correlation coefficients with two secondary subscripts 
are calculated from (23.4.4). We find 


^13.84 = 0.8789, rit .34 ~ 0.0848, ru.ss “ 0.8660, 

and these values seem to support the above conjecture, though none 
of them is strictly significant. We have here v = w — 4 = 26 d. of fr., 
and the 5 % significance limit for is 0.8740. 

Consider now the multiple correlation coefficients. By means of 
(23.5.3) we find 
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ri(2S) =* 0.5914, ri^24) = 0.6676, ri o*) == 0.6872, 

f*! (284) = 0.6606. 

The comparison between ri, = 0.6911 and ri( 28 ) = 0.6914 confirms the 
results already obtained, since it shows that the knowledge of 
adds practically nothing to our information with respect to the yield 
iCi, when we already know x^. Similarly, the multiple correlation 
coefficient ri( 24 ) is not appreciably smaller than rn^si). 

If the variables Xi, . . Xk are independent, the product nrl[t,,,k) 
is by (29.13.9) for large n approximately distributed in a ;c*-distribu- 
tion with A: — 1 d. of fr. In the actual case, we find nrj( 34 ) = 10.844 
with 2 d. of fr., and «rl^ 234 ) = 13.092 with 3 d. of fr. Since ri( 2 ») and 
ri( 24 ) are both greater than ri( 34 ), it is thus seen that all four mul¬ 
tiple correlation coefficients given above are significantly greater than 
zero. 

Finally, we find the partial regression coefficients 

^ 12.34 = 133.66, corresponding to / = 2.066, 
hvi.2i = 44.87, » ^ = 0.484, 

^'14.23= 1.9963, » » 1.999, 

where the lvalues are calculated from (29.12.1), under the hypothesis 
that the corresponding population values are zero. We have 



Fig. 32. Wheat yield x,; 


—. Best linear estimate 
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26 (1. of fr. for t, and thus by Table 4 none of the three values is 
siffnificant, though and are very near the 5 % limit. If we 
identify the observed fc-values with the unknown population values, 
this would mean e. g. that an increase of one degree in the mean 
winter temperature would on .the average produce an increase of 
about 134 kg in the yield per 10* m*, summer tempefature and rain¬ 
fall being equal, whereas the corresponding figure for an increase of 
one degree in the summer temperature would only amount to 45 kg. 

The e(|uation of the sample regression plane for gives the best 
linear estimate of the observed values of x, in terms of and X 4 : 

x[ “ 133.«fi -f- 44.ft? Xg *f 1.9tt63 :r 4 -h 730.9. 

The values of i>‘* calculated from this expression are given in the 
last column of Table 31.3.8. The values of and x* are also shown 
in Fig. 32. 

It sliould be borne in mind that, in all tests treated above, we 
have throughout assumed that we are concerned with samples obtained 
by simple random sampling (cf 25.2). This implies, i. a., that the sample 
values are supposed to be mutually indepandent. In many applications, 
howr'ver, situations arise where this assumption cannot be legitimately 
introduced. Ceases of this character occur, 0 . g., often in connection 
with the analysis of statistical time series. Unfortunately, considera¬ 
tions of space have prevented the realization of the original plan to 
include in the present work a chapter on this subject, based on the 
mathematical theory of random processes. A discussion of the subject 
will be found in the dissertation of Wold (Ref. 246 a). 



Chapters 32-34. Theory of Estimation.^) 


CHAPTER 32. 

Classification of Estimates. 

32.1. The problem. — In the preceding chapters, we have repeatedly 
encountered the problem of estimating certain population parameters 
by means of a set of sample values. We now proceed to a more 
systematic investigation of this subject. 

The theory of estimation was founded by R. A. Fisher in a series 
of fundamental papers (Ref. 89, 96, 103, 104 and others). In Chs 
32—33, we shall give an account of some of the main ideas introduced 
by Fisher, completing his results on certain points. In the present 
chapter, we shall be concerned with the classification and properties 
of various kinds of estimates. We shall then in Ch. 33 turn to con¬ 
sider some general methods of estimation, particularly the important 
method of maximum likelihood due to R. A. Fisher. Finally, Ch. 34 
will be devoted to an investigation of the possibility of using the 
estimates for drawing valid inferences with respect to the parameter 
values. 

Suppose that we are given a sample from a population, the distri¬ 
bution of which has a known mathematical form, but involves a certain 
number of unknown parameters. There will then always be an infinite 
number of functions of the sample values that might be proposed as 
estimates of the parameters. The following question then arises: How 
should we best use the data to form estimates? This question immediately 
raises another: What do we mean by the »bpst» estimates? 

We might be tempted to answer that, evidently, the best estimate 
is the estimate falling nearest to the true value of the parameter to 
be estimated. However, it must be borne in mind that every estimate 
is a function of the sample values, and is thus to be regarded as an 
observed value of a certain random variable. Consequently we have 

*) A considerable part of the topics treated in these chapters are highly contro¬ 
versial, and the relative merits of the various concepts and methods discussed here 
are subject to divided opinions in the literature. 
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no meant of predictinfl^ the indiTidnal Ttlne tttumed by the ettimate 
in a giyen partienlar cate, to that the goodnett of an ettimate eannot 
be judged from individual valuet, but only from the dittribution of the 
valuet which it will attume in the long run, i. e. from itt mmpling 
distribution. When the great bulk of the matt in thit dittribution it 
concentrated in tome tmtll neighbourhood of the true value, there it 
a great probability that the ettimate will only differ from the true 
value by a email quantity. From thit point of view, an ettimate will 
be »better» in the tame measure at itt sampling dittribution shows a 
greater concentration about the true value^ and the above question may 
be expressed in the following more precise form: Hew should we use 
our data in order to obtain estimates of maximum concentration? — We 
shall take this question as the starting-point of our investigation. 

We have seen in Part II that the concentration (or the comple¬ 
mentary property: the dispersion) of a dittribution may be measured 
in various ways, and that the choice between various measures if to 
a great extent arbitrary. The same arbitrariness will, of course, appear 
in the choice between various estimates. Any measure of dispersion 
corresponds to a definition of the »best» estimate, vis. the estimate 
that renders the dispersion as expressed by this particular measure 
as small as possible. 

In the sequel, we shall exclusively consider the measures of dis¬ 
persion and concentration associated with the variance and its multi¬ 
dimensional generalizations. This choice is in the 6rst place based 
on the general arguments in favour of the least-squares principle ad¬ 
vanced in 15.6. Further, in the important case when the sampling 
distributions of Our estimates are at least approximately normal, any 
reasonable measure of concentration will be determined by the second 
order moments, so that in this particular case the choice will be 
unique. — For a discussion of the theory from certain other points 
of view, the reader may be referred to papers by Pitman (Ref. 198, 
199) and Geaiy (Bef. 116 a). 

It will be convenient to consider first the case of samples from a 
population, the distribution of which contains a single unknown para¬ 
meter. This case will be treated in 32.2—32.5, while 32.6—32.7 will 
be devoted to questions involving several unknown parameters. An 
important generalization of the theory will be indicated in 32.8. 

32.2. Two lemmas. — We shall now prove two lemmas that will 
be required in the sequel. Each lemma is concerned with one of the 
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two simple types of distributions, and there is a g^eneral proposition 
of which both lemmas are particular cases. The gfeneral proposition 
will, however, not be given here. 

Lemma 1. Suppose that, for every a belonging to a non-degenerate 
interval A, the function g[x\ a) is a fr.f in x, having the frst moment 
and a finite second moment. Suppose further that, for almost 


all 


X, the partial derivative ^ exists for every a in A, and 


that 


da 


< Gq(x), where G 

dtp 


Then the derivative 


da 


0 and x Gq are integrahle over ( — oo, oo 
exists for every a in A, and we have 


). - 


(32.2.1) 


00 

/(»■ 


■ 9 \ dx 


oo 

/( 


d logg ^ 

da / 


g(x- a)dx 



The sign of equality holds here, for a given value of a, when and only 
when there exists a quantity k, which is independent of x hut may de¬ 
pend on a, such that 

(32.2.2) -^^ = k{x~a) 

for almost all x satisfying g(x; a) > 0. 

By hypothesis we have for every a in 

oo oo 

(32.2.3) f g(x; a}dx = 1, f xg(x; a}dx = y/(a}, • 


and the conditions of 7.3 for differentiation under the integral sign 
are satisfied for both integrals, so that exists and is given by 
the expression^) 



= J {x — a)yli ~^^Vgdx. 


^9 . 


*) If g(,x\ a) = 0 for all x in a certain interral, we must also have ~ =» 0. us 


otherwise g would assume negative values. The expression 
then be given the value zero. 


d lo g g _ I d g 
da ^ ^^ * 


should 
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The relation (32.2.1) then immediately follows by an application of 
the Schwarz inequality (9.5.1).^) 

In (9.5.1) the sig^n of equality holds when and only when there 
are two constants u and v, not both equal to zero, such that ug(x) + 
-f vk(x) = 0 for almost all (P) values of x. Since (a; —a)V^ cannot 
vanish for almost all x it follows that, for a g^iven value of or, the 
sign of equality holds in (32.2.1) when and only when 

Vg=^k{x-a)i^ 


for almost all x, where k is independent of x. This completes the 
proof of the lemma. 


We give two examples of cases where the relation (32.2.2) is satisfied. Accord* 
ingly, it will be easily verified that in both these cases the sign of equality holds in 
(32.2.1). 


Ex. 1. The normal dielrihuiion tctf/t mean a and conetant a.d. Taking 

^(x;«)« 

oV2n 

where a is independent of x and a, we have v («) *= « and • for all 

o a 0 

X and (K. 

Ex. 2. The By (18.1.6), the fr.f. k^{x) of the ^^'distribution 

has the first moment n. Thus the fr. f. ^ where a > 0, has the 


jc > 0 and a > 0. 


d log g n 
da "za* 


^mma 2. Suppose that, for every a belonging to a non-degenerate 
interval A, the finite or enumet'ahle sequence of functions p^(a\ pt{o), . . . 
are the probabilities of a distribution of the discrete type^ the corresponding 
mass points Ui, . . . being independent of a. Suppose further that the 
distribution has the first moment \p(a) and a finite second moment^ and 
that the derivatives pi(a) exist for all i and for every a in A, and are 
such that the series Suipi(a) converges absolutely and unifoi'mly in A- 


— Then the derivative 


dip 

da 


exists for eveiy a in A, and we have 


(92.2.4) 2t~—a (!!)■■ 


*) I am indebted to professor L. Ablfors for a remark leading to a simplification 
of my original proof of (32.2.1). 
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The sign of equality holds here^ for a given value of a, when and only 
when there exists a quantity k. which is independent of i hut may de¬ 
pend on o, such that 

(32.2.5) —a), 

for all i satisfyiug pt (o) > 0. 

This is strictly analogous to Lemma 1, and is proved in the same 
way, by means of the following relations which correspond to (32.2.3): 

2 (a) = 1 • 2 

1 i 

Ah in the previous case, we give two examples of eases where the relation (32.2.5) 
is satisfied; in both cases it will be easily verified that the .sign of e()iiality hold.s 
in (32.2.4). 

Ex. 3. For the binomial distribution with p — a/n, we have u^ - i and 
p^ ~ where / — 0, 1, . . ., n. lienee the mean is yf{a) *- n p a 

d log p, i n — i n 

and we have -~r— — —- -- -- -AU - — «». 

a OL a n a fc(n~a- 

Ex. 4. When n - « while a remains fixed, the binomial distribution tends to 

W 

the Poisson distribution with u,. = / and p, = ^. i f~«. Here we have yi{a)—K and 
d log p,. M • — a 

da a 

32.3. Minimum variance of an estimate. Efficient estimates. — 

Suppose that, to every value of the parameter a belonging to a non¬ 
degenerate interval A, there corresponds a certain d. f. F(a;; or). Let 
T,, . . ., Xn be a sample of n values from a population with the d. f. 
F(x\ «)^ where a may have any value in A, and let it be retpiired to 
estimate the unknown > true valuer of a. We shall use the geni*ral 
notation <r* ~ (.x*|, . . ., Xn) for any function of the sample values’) 
proposed as an estimate of «. 

In the paragraphs 32.3—32.4, the size n of the sample will bo 
considered as a fired number ^1. In 32.5, we proceed to consider 

’) It is important to observe the different signification of the .symbols a* and a. 
By definition, a* is a function of the sample values .l,, . . x„, which arc conceived 

as random variables. Thus a* is itself a random variable, po.ssessing a certain 
.sampling distribution. On the other hand, « is u variable in the ordinary analytic 
sense which, in the population corresponding to a given sample, may assume any 
constant, though possibly unknown, value in A. 
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questions related to the asymptotic behaviour of our estimates when 
n is large. 

According to the terminology introduced in 27.6, o* is called an 
unbiased estimate of a, if we have E (a*) = a. As shown by some 
simple examples in 27.6, it is often possible to remove the bias of an 
estimate by applying a simple correction, so that an ubbiased estimate 
is obtained. In the general case, however, an estimate will have a 
certain bias 6(a) depending on a, so that we have 

£(«•)== a 4-6 (a). 


It can be shown that, subject to certain general conditions of regu- 
larity, the mean square deviation E (a* — a)* can never fall below a po¬ 
sitive limit depending only on the d.f. F(x\ c), the site n of the sample, 
and the bias b(a). In the particular case when a* is unbiased whatever 
be the true lvalue of a in A, the bias 6(a) is identically zero, and it 
follows that the variance D*(a*) can never fall below a certain limit 
depending only on F and n. 

We shall restrict ourselves to proving this theorem for the case 
when the d.f. F(x; a) belongs to one of the two simple types. 

1 . The continuous type. — Consider a distribution of the continuous 
type, with the fr. f. f(x\ a), where a may have any value in A. The 
values Xi, . . ., Xn obtained in n independent drawings from this distri> 
bution are independent random variables, all of which have the same 
fr. f. f(x; a). Each particular sample will be represented by a definite 
point X = [xi, . . ., a;,i) in the sample space Rn of the variables Xi, ..., Xn, 
and the probability element of the Joint distribution is 

L(Xi, . . ., Xn\ a)dXi . . . dxn ==/(«!; a) . . .f(xn; a) dx^ . . . dxn. 


The joint fr. f. L ^ f(x^\ a) . . . f(xn\ a) is known as the likelihood 
function of the sample (cf 33.2). 

Let now a^ = a*(a:j, . . ., ajn) be a unique function of . . ., Xn 
not depending on a, which is continuous and has continuous partial 
da* 


derivatives 


Oxi 


in all points x, except possibly in certain points be* 


longing to a finite number of hypersurfaces. We propose to use a* 
as an estimate of a, and suppose that £(a*) = a 6(a), so that 6(a) 
is the bias of a*. 

The equation a* = c will, for various values of c, define a family 
of hypersurfaces in Rn, and a point in Rn may be uniquely deter* 
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mined by the value of a* corresponding to the particular hypersur- 
face to which the point belongs, and by 7 ?— 1 »locab coordinates 
§ 1 , . • 1 5 n,-i which determine the position of the point on the hypersur¬ 
face. We may now consider the transformation by which the old vari¬ 
ables a:,, . . .,Xn are replaced by the new variables o* and fn-i. 

Choosing the »local» coordinates 5,* such that the transformation 
satisfies the conditions A) and B) of 22.2, the joint fr. f. of the new 
variables will then be 

/(x,; o). . ./(x»; o)| Jl, 


where J is the Jacobian of the transformation, and the Xi have to 
be replaced by their expressions in terms of the new variables. 

The random variable «* will have a certain distribution, in general 
dependent on the parameter a, and we denote the corresponding fr. f. 
by g[a*\ a). Further, the joint conditional distribution of 
corresponding to a given value of «*, will have a fr. f. which we 
denote by «). By (22.1.1) we then have 

(32.3.1) /(x,; a) . . .f(Xn, a)\J\— g(a*-, .ct), 

and the transformation of the probability element according to (22.2.3) 
may thus be written 

(32.3.2) \ a) . . .f[xn\ ci)dXi^ . . . dxn = 

= -fn-i |«*; . . . d^n-i 

Suppose now that, for almost all values of x, a*, fn-i, the 

partial derivatives ^ and exist for every a in A, and that 
o a u a u a 


da 


< Fq[x\ 


^JL 

da 




dh 
d a 


<//o(l.. «*). 


where Fq, Gq, a* Gq and Hq are integrable over the whole space of 
the variables x, a*, a* and §i, ..., fn-i respectively. We shall then say 
that we are concerned with a regular estimation case of the continuous 
type, and a* will be called a regular estimate of a. — We now pro¬ 
ceed to prove the following main theorem. 

In any regular estimation case of the continuous type, the mean 
square deviation of the estimate a* from the true value a satisfies the 
inequality 
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(32.3.3) 






/(*; o)d.r 


— 00 


The sign of equality holds he^ e, fm^ every a in A, tvhen and only nhen 
the following two conditions are satisfied whenever (o*; a) > 0: 

A) TAe/r./. fc(S„ . . ., a) is independent of a. 

B) We have - = A; (or* — a), where k is independent of a* Imt 

o a 

may depend on a. 


In the particular case when a* is unbiased ivhatever be the value of 
a in i4, we have 6(a) = 0, and (32.3.3) reduces to 


(32.3.3 a) 


D>(a*) 


1 




From our assumptions concerning the functions f and h^ it follows 
according to 7.3 that the relations 

OO 00 00 

//(x; a)dx = f ■ f h(S„ . . ., f«-i |a*; o)dg, . . . d^n-i = 1 

— 00 — 00 —OO 


may be differentiated with respect to a under the integrals. The re¬ 
sulting relations may be written 


(32.3.4) J^|’|//(x;a),/.T = 

— 00 

00 OO 

= f ■■■ - ■’ = 0 . 

— 00 -00 


Taking the logarithmic derivatives with respect to a on both sides 
of (32.3.1) we obtain, the Jacobian J being independent of or, 


(32.3.5) 


V ^ “) ^ log flf , d log A 

2j-~ ^ ' da 


We now square both members of this relation^ multiply by (32.3.2), 
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and integrate oyer the whole space. According to (32.3.4) all terms 
involying products of two different deriyatives yanish, and we obtain 



fir (a*; a) da* 4- 


(32.3.6) 






The aboye proof of this inequality is due to Dugu4 (Ref. 76). The 

3 h 

sign of equality holds here when and only when ^ = 0 in almost 

all points such that ^ > 0. i. e. when the condition A) is satisfied. 

Finally, the fr. f. fir (a*; a) satisfies the conditions of Lemma 1 of 
the preceding paragraph, with \lf(a) = a + h (a), and an application of 
that lemma to the inequality (32.3.6) now immediately completes the 
proof of the theorem. 

The integral occurring in the denominators of the second members 
of (32.3.3) and (32.3.3 a) may be expressed in any of the equiyalent 
forms 

~*0 —PC 


It will be readily seen that the aboye theorem remains true when 
we consider samples from a multidimensional population, specified by 
a fr. f. /(X], . . ., Xk\ a) containing the unknown parameter x. 

Consider now the case when the estimate a* is regular and un¬ 
biased. The second member of (32.3.3 a) then represents the smallest 
possible yalue of the yariance D*(a*), The ratio between this minimum 
value and the actual value of D*(a*) will be called the efficiency of 
o*, and will be denoted by 6 (a*). We then always have 0 ^ e(a*) S 1. 
When the sign of equality holds in (32.3.3 a), the variance D* (a*) 
attains its smallest possible value, and we have e (a*) = 1. In this 
case we shall say that a* is an efficient estimate^). These concepts are 
due to R. A. Fisher (Ref. 89, 96). 

At a role this term is used with reference to the behaviour of an estimate in 
large samples, i. e. for inflnitely increasing values of n. However, we shall here find 
it convenient to distinguish between an ^fjicient estimate by which we mean an 
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It follows from the above theorem that a regular and unbiased 
estimate is efficient, when and only when the conditions A) and B) are 
satisfied. This becomes evident, if e(a*) is written in the form 


(32.3.7) 


e(a*) = 


Min D*(o*) 



Both factors in the last expression are ^ 1, and the efficiency attains 
its maximum value 1 when and only when both factors are = 1. The 
first factor is = 1 when and only when the condition A) of the above 
theorem is satisfied, while the second factor has the same relation to 
condition B). — When an efficient estimate exists, it can always be 
found by the method of maximum Hkehood due to R. A. Fisher (cf 33.2). 

Let now or* be an efficient estimate, while aj is any regular un¬ 
biased estimate of efficiency c > 0. We shall show that the correlation 
coefficient of a* and aj is ®f) ~ In ifict, the regular unbiased 

estimate o* = (1 — A;)at + has the variance 


D*(o*)= 




2pA:(l — k) k* 


V^e 










and if Ve, the coefficient of D*(a*) can always be rendered < 1 

by giving k a sufficiently small positive or negative value. Then it 
would follow that D* (a*) < D* (a*), and the efficiency of a* would be 
> 1, which is impossible. 

In particular for c=l we have p = l. Thus two efficient esti¬ 
mates a* and a* have the same mean or, the same variance, and the 
correlation coefficient 1. It then follows from 21.7 that the total 


fstimate of miniiunm variaoce for a given Snite aise n of the sample, and an 
asymptotically efficient estimate (cf 82.6), wbich bae the analogous property for samples 
of infinitely increasing size. An efficient estimate exists only under ratber resirictirt 
conditions (cf 82.4), whereas the existence of an asymptotically efficient estimate can 
l)e proved ns soon as certain general regularity conditions are satisfied (cf 88.8). 
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mass in the joint distribution of a* and at is situated on the line 
at = Thus two efficient estimates of the same parameter are * almost 
always* equal. 

We eboer in this paragraph several examples of efScient estimates (£x. 1 — 2 for 
the continooos case. Ex. 6—6 for the discrete cose). It will be left to the reader 
to verify that, in each case, the conditions A) and B) for efficient estimates are 
satisfied. In order to do this — we talk here of the continuous case, but in the 
discrete case everything is analogous — he will first have to find the fr. f. p («*;«) 
of the estimate concerned, and then the examples given in 82.2 will directly provide 
the verification of condition B). Further, a convenient set of auxiliary variables 
^ 1 , . • -I ^ introduced, and the conditional fr. f. h should be calculated 

from (32.8.1): it then only remains to verify that h is independent of a. — In all 
examples, except in Ex. 4, we are dealing with regular estimates only. The render 
should verify this in detail at least in some cases. 


Ex. 1. 


Tht mean of a normal population. Writing 


/(jc; m) = 



e 


•i o * 


where a ■■ m is the parameter to be estimated, while o is a known constant, we 
may choose for A any finite interval, and obtain 




Consequently the variance of any regular unbiased estimate m* satisfies the inequality 
^ a*ln. For the particular estimate m* — x = 2 x^n we have by 27.2 
E(,5) = m and D*(ir) « a*/n, so that the mean is an efficient estimate of m. 

Accordingly we have seen above that certain other possible estimates of ni. such 
as the sample median (cf 28.6), and the mean of the v:th values from the top and 
from the bottom of the sample ;,cf 28.6.17) have u larger variance than x. 

It is instructive to consider various other functions of the sample values that 
might be used as unbiased estimates of m; it will be found that the variance is 
always at least equal to oVn. We give here a simple example of this kind. Con¬ 
sider a sample of n — 3 values from the normal distribution specified above, and let 
the sample values be arranged in order of magnitude; jr, ^ x, ^ x,. It might then 
be thought that the weighted mean 

z = CX| -f (1 — 2 c) X, + cx, 

would, for some conveniently chosen value of c, be a »better» estimate of m than 
the simple arithmetic mean, which corresponds to e We have, however, E{z) ~ m 
and 

i>’ U) - T + - i)’- 

o 71 

so that the variance of t attains its minimum precisely when c — — It will be 
left as an exercise for the reader to prove this formula, and to verify that the con¬ 
ditions for a regular estimate are satisfied in this case. 

483 



32.3 


Ex. 2. Tht variance of a normal population. Writing 


Ax; o') 


1 


e~ 'iff* 


where ee » <j’ is the parameter to be estimated, while m is a known constant, w*e 
may choose for A my finite interval a < <h with a > 0, and obtain 



(JT — m? 

•itf* 



_L 


(;onseqaently the variance of any regular unbiased estimate of o* is at least equal to 
2<iVn. Correcting the sample variance s* for bias (cf 27.6), we obtain the expression 

•* *= ~’ Z 'i S “■ which by (27.4.6) is an unbiased estimate of a* with the 
variance 2 oV(n — 1). Obviously this is not an efficient estimate, but an estimate of 
efficiency (n — l)/n <1. On the other hand, consider the estimate ^ 2 (xg— m)\ 

This is legitimate, since m is now a known constant. It is easily seen that f* has 
the mean o* and the variance 2oVn, and thus provides an efficient estimate of o*. 

Ex. 3. The t.d. of a normal population. If, in the distribution of Ex. 2, we 
regard the s. d. o instead of the variance o* as the parameter to be estimated, we find 




Consequently the variance of any regular unbiased estimate of a is at least equal to 
oV(2 «). Consider e. g. the expression 



where s is the s. il. of the sample. Jly (29.8.3) we have E{g*) ~ o, and 



so that the efficiency e(a') tends to 1 os n — •. 
ever, considerably smaller than 1. Taking e. g. n « 

while for « = 3. we have c(s')= ^ * O.SlOO. 

«(4 — X) 

Similarly we find that the expression 


For small n the efficiency is, how- 
= 2, we have e (s') — 
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where to it defined in Ex. 2, it an nnbiated ettimate of a, with variance 

!>*(#'•)- 


/-(-I 

Vai 

\ 

r*( 

fn-f 1\ 

i 2 / 


The effieieney e (t'o) iendt to 1 at n . For n « 2 we have o(to) 

4 




while fv n » 8 we have e (to) ■■ ; 


4 (4 — 7i) 

0.985t, contiderably above the corre- 


8(871-8) 

spending fignret for t^ 

For the mean deviation ft ^ | — m |, we find by easy calculations 

.(j/f.,)-., 

so that 1^71/21| is an unbiased estimate of a, with the efficiency —= 0.8760. 

7J — A 


Ex. 4. A non-regular caee. When the fr. f. has discontinuity points, the posi- 
tion of which depends on the parameter, the conditions for a regular case are usually 
not satisfied. In such cases, it is often possible to find unbiased estimates of »ab- 
normally high* precision} i. e. such that the variance is smaller than the lower limit 
given by (82.8.8 a) for regular estimates. 

Consider e. g. the fr. f. defined by /(x; «) ■* for x a, and /(x; «) * 0 for 

x< a. In the point x ec the derivative ~ does not exist, so that this is a non* 

oa 

regular case. As we have seen in 7.8, the relation j fdx » 1 cannot in this case 

be differentiated in the usual simple way; we have, in fact, j ~^dx » 1. When 

we pass from (82.8.6) to (82.8.6), all the n* terms in the first member will thus be 

equal to 1. Assaming that the functions g and h satisfy our conditions, we then 

obtain instead of D* («*) ^ l/n, which would follow from (82.3.8 a), only the weaker 
inequality D* (a*) ^ l/n*. 

For the particular estimate a* » Min x^ — l/n, where Min denotes the smallest 

of the sample values, we find the fr. f. n/(n a*; na — 1), so that £(a*)»a, 

!>*(«*)'*■ l/n*. Thus is an unbiased estimate, the variance of 'which is for all 
n > 1 smaller thah the limit given by (82.8.3 a). 

A further example of the same character is provided by the rectangulor di.stri- 
bution, when we use the mean or the difference of the extreme values of the sample 
os estimates of the mean or the range of the population. According to (28.6.8) and 
(28.6.9), the variance is in both coses of the order n~3, and thus certainly falls below 
the limit given by (82.8.8 a), when n is large. 
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2. THb discrete type. Consider a discrete distribution with the mass 
points til, i4|t . . and the corresponding probabilities P](a), • • •* 

where o may ha^e any value in and the ut are independent of a. 
This case is largely analogous to the previous case, and will be treated 
somewhat briefly. As in the previous case, we consider an estimate 
a* = . . ., a:») with the mean E(a*) = a -f 6(a). 

The probability that the sample point in Rn with the coordinates 
. . .y Xn assumes the particular position M determined by Xi = a/., 
. . ., is equal to p#,(a) . . The point M may, however, 

also be determined by another set of n coordinates, viz. by the value 
assumed by a* in say ot, and by w — 1 further coordinates 
Vi, . . ., Vn-i which determine the position of M on the hypersurface 
a* <= al. If q, (a) denotes the probability that or* takes the value ci7, 

while .conditional probability of the set of values 

of V], . . ., Vn-i corresponding to My for a given v, we have the fol¬ 
lowing relation which corresponds to (32.3.2): 

(32.3.8) Pi, (o) . . . pi„ (o) = 4 , (o) r,^ . 1 , (o). 


We now define a regular estimation case of the discrete type by the 
condition that, for every or in A, all derivatives p<(or), g^(or) and 
nj.»„^il*(a) exist and are such that the series ^Pi(c) etc., which 

i 

correspond to the analogous integrals considered in the continuous 
case, converge absolutely and uniformly in A. We shall then also call 
a* a regular estimate of or. 

In any regular estimation case of the discrete type, we have the 
inequality corresponding to (32.3.3): 


(32.3.9) 


^(o*-o)*^ 


(-fir 




The sign of equality holds herCy for every a in A, when and only when 
the following two conditions are satisfied whenevet' g, (a) > 0: 

A) The conditional probability l»(c) is independent of a. 

B) We have = it (cri — o), where h is independent of v hut 

d a 

may depend on a. 
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In the particular ease when a* is unbiased whatever he the value of 
a in Ay we have b (a) = 0, and (32.8.9) reduces to 


(32.3.9 a) 


D*(a‘)^ 



The proof of this theorem follows the same lines as the corre¬ 
sponding: proof in the continuous case. We take the logarithmic 
deriratiTes on both sides of (32.3.8), square, multiply bj (32.3.8), and 
then sum over all possible sample points M. Bj means of Lemma 2 
of the preceding paragraph, the truth of the theorem then follows. 

As in the continuous case, an unbiased estimate will be called 
efficienty when the sign of equality holds in (32.3.9 a). The definition 
of the efficiency of an estimate, and the remarks concerning the cor¬ 
relation between various estimates, extend themselres with obvious 
modifications to the discrete case. 

The ezpreuions (82.8.8 a) and (82.8.9 a) are particular caaee of the general inequality 



which holds, under certain conditions, even for a d. f. JP(x; a) not belonging to one 
of the two simple types. The integral appearing here is of a type known as HeW 
inger‘i integral (cf e. g. Hobson, Ref. 17, I, p. 609). We shall not go into this matter 
here, but proceed to give some further examples of efficient estimates. 


F ’ 5. For the binomial dietribution we have ■» where a==p 

lb the parameter to be estimated, while jV is a known integer, and 9 = 1 p. Then 

dp q 1^* pq 

Thus the variance of any regular unbiased estimate p* from a sample of n values is 
at least equal to For the particular estimate p* ^ ' 

E{p*)» p and DVp*)*" so that this is an efficient estimate. 


n^ 


JT,- we find 


and 


Ex. 6. For the Poiaeon distribution with the parameter A we have p,- ^ 



Thus the variance of any regular unbiased estimate is at least equal to }Jn. For the 
particular estimate jl* »» x «= 2 x^/n we have E(A*) *» I and ~ A^n, so that 

this is an efficient estimate. 
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32.4. Sufficient estimates. — In order that a reg^ular unbiased 
estimate a* should be efficient, i. e. of minimum variance, it is necessary 
and sufficient that the conditions A) and B) of the preceding para¬ 
graph are both satisfied. If we only require that condition A) should 
be satisfied, we obtain a wider .class of estimates. We now proceed 
to consider this class, restricting ourselves to distributions of the 
continuous type, the discrete case being perfectly analogous. 

For the continuous case, condition A) requires that the conditional 
fr. f. /t (5,, . .., |a*; Of) should be independent of o, whenever 

g(a*\ a) > 0. This means that the distribution of mass in the infini¬ 

tesimal domain bounded by two adjacent hypersurfaces a* and a* + dn* 
is independent of or. In such a case, the estimate or* may be said to 
summarize all the relevant information contained in the sample with 
respect to the parameter or. In fact, when we know the value of a* 
corresponding to our sample, say or*, the sample point 3f must lie on 
the hypersurface a* == a*, and the conditional distribution on this 
hypersurface is independent of or, so that the farther specification of 
the position of M does not give any new information with respect 

to or. Using the terminology introduced by B. A. Fisher (Ref. 89, 96), 

we shall then call a* a Hufficient estimate. Since in (32.3.1) the Ja¬ 
cobian J is independent of a; it follows that a* is sufficient if and 
only if 

(32.4.1) /(Xi; a) . . . /(x„; tt) = g (a*; a) H(x„ . . ., x.), 

where H is independent of a. 

From the nature of the conditions A) and B), it is fairly evident 
that efficient or sufficient estimates can only be expected to exist for 
rather special classes of populations. There are important connections 
between these classes of estimates, when they exist, and the maximum 
likelihood method (cf 33.2). 

For further information concerning the conditions of existence 
and other properties of efficient and sufficient estimateSf the reader 
is referred to papers by B. A. Fisher (Ref. 89, 96. 103, 104 etc.), 
Ncyman (Ref. 162), Neyman and E. S. Pearson (Ref. 173), Koopman 
(Ref. 141), Darmois (Ref. 74), Dugue (Ref. 76) and others. 

Id Ex. 1, 2, 5 and 6 of the preceding paragraph, >ve have considered various 
examples of efficient estimates. All these are, a fortiori, sufficient estimates. In 
each case, this can be directly shown by studying the transformation which replaces 
the original sample variables by the estimate ce* and n — 1 further conveniently 
chosen new variables, and verifying that condition A) is satisfied. The reader is 
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rccemnended to carry out these tranarornstioBS ia detail. (Cf also the analogona 
cose in 32.6, Ex. 1.) 

The eetiaate dedned in 32.3, Ex. 3, is an example of a regular nnbiased 
estimate satisfying condition A) bnt not condition B), i. e. a sufdcient estimate which 
is not efficient. A farther example of the same kind will be given in 33.8, Ex. 8. 
Thus the class of sufftcient estimates is effectively more general than the class of 
efficient eatimates. 

The above definition of a snfficient estimate, which applies to the doss of 
regular and unbiased estimates, moy be directly extended to the class of all regular 
estimates, whether unbiased or not. After this extension, it follows immediately 
from the definition that the property of sufficiency is invariant under a change of 
''sriable in the parameter. Thus if a* is a sufficient estimate of the parameter «, 
and if we replace a by a new parameter ip{a\ then ^(a*) will be a sufficient esti¬ 
mate of ip (a). For efficient estimates, there is no corresponding proposition. 

32.5. Asymptotically efficient estimates. — In the preceding para- 
nrraphs, we have considered the size n of the sample as a fixed in- 
tejjfer ^ 1. Let us now suppose that the regular unbiased estimate 
a* = a* (a?i, . . ., Tm) is defined for all sufficiently large values of m, 
and let us consider the asymptotic behaviour of n* as n tends to 
infinity. 

If converges in probability to a as n tends to infinity, o* is a 
consistent estimate of o (cf 27.6). — In Chs 27—29, we have seen (cf 

e. g. 27.7 and 28.4) that in many important cases the s. d. of an esti¬ 

mate o^ is of order w""* for large w, so that we have D(c*)c\>c?w"t, 
where c is a constant. If o* is unbiased and has a s. d. of this form, 
it is obvious that o* is consistent (cf 20.4). Further, in such a case 
the efficiency «(o*) defined by (32.3.7) tends to a definite limit as n 
tends to infinity: 

(32.5.1) lim e(a*) = <* 0 ( 0 *) = - 

n..ao 

In the discrete case we obtain an analogous expression. This limit is 
called the asymptotic efficiency of a*. Obviously 0 ^ eo(cr*) ^ 1. 

Consider further the important case of an estimate o*, whether 
regular and unbiased or not, which for large n is asymptotically nor¬ 
mal (a, c/Vn). We have seen in 28.4 that this situation may arise 
even in cases when E[a*) and D(c*) do not exist. However, when n 
is large, the distribution of o* will then for practical purposes be 

equivalent to a normal distribution with the mean a and the s. d. 

c/Kn, and accordingly we shall even in such cases denote the quantity 
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defined by the last member of (32.5.1) as the asymptotic effi¬ 
ciency of a*. 

When eo(^*)^l) s^^ll call a* an asymptotically efficient esti¬ 
mate of a. Under fairly general conditions, an asymptotically efficient 
estimate can be found by the method of maximum likelihood (cf 33.3). 

Ex. 1. For the normal distribution, the sample median may be used as an 
estimate of m, and by 28.6 this estimate has the asymptotic efficiency 2/n « 0 . 6866 . 
Thus if we estimate m by calculating the median from a sample of, say, n— 10000 
observations, we obtain an estimate of the same precision as could be obtained by 
calculating the mean x from a sample of only 2n/n = 6866 observations. Never¬ 
theless, the median is sometimes preferable in practice, on account of the greater 
simplicity of its calculation. 

We may also use the arithmetic mean of the v:th values from the top and from 
the bottom of the sample as an estimate of m. By (28.6.17), this is an estimate of 
asymptotic efficiency zero. 

When, in the normal distribution, m is known, and it is required to estimate the 
variance a* or the s.d. o, we may use various estimates connected with the sample 
variance s*. In Ex. 2—3 of 32.3, we have already met with some examples of 
asymptotically efficient estimates of this kind. — We may also use the difference 
between the v:th values from the top and from the bottom of the sample, multiplied 
by an appropriate constant, as an estimate of o. According to (28.6.18), this is an 
estimate of asymptotic efficiency zero. The use of this estimate in large samples 
would thus involve a »loss of information^ even greater than in the case of the 
sample median mentioned above. Nevertheless, the estimates of a as well as of w 
based on the v:th values may often be used in practice with great advantage, as 
their calculation is very simple, and the loss of information is not considerable for 
small values of n (cf the papers quoted in this connection in 28.6). 


Ex. 2. For the Cauchy distribution with the fr. f. /(x; /u) == .’r“* [1 (x — 
wc have 


/«jog /y * f ( x - ft)* _ I 

V i njii + {x-^n *• 


Thus the variance of any regular unbiased estimate of ju is at least equal to 2 /n. 
Hy 10 . 2 , the sample mean x has the same fr. f. /(x; ju), so that the mean is not a 
consistent estimate of *<. Neither is the arithmetic mean of the v:th values from the 
top and from the bottom of the sample (cf 28.6.11). On the other hand, the sample 
median is by 28.6 asymptotically normal (/u, } and thus the median has the 

. 2 TT* 8 . 

asymptotic efficiency ^ • 4 *^ ^ ~ 0.8X06. 


32.6. The case of two unknown parameters. — We shall now 
briefly indicate how the concepts and propositions given in the pre¬ 
ceding paragraphs may be generalized to cases involving several un¬ 
known parameters. It will be sufficient to give the explicit statements 
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of the results for continuous distributions, as the corresponding results 
for the discrete case follow by analogy. In order to simplify the 
writing, we shall further restrict ourselves to the case of unbiased 
estimates. 

In the present paragraph we shall consider a distribution with two 
unknown parameters a and specified by a fr. f. /(.x; a, /?). From a 
sample of u values x» drawn from this distribution; we form 

two functions a* =a*(x,, . . Xn) and /?* = .t„), which are 

assumed to be unbiased estimates of a and /? respectively. We then 
consider a transformation in the sample space JRn, replacing the old 
variables Xj, . . Xn by n new variables a*, and 5,, . . 5/1-2. For 
this transformation we have the following relations corresponding to 

(32.3.1) and (32.3.2): 

J n/(»< ;“./») = i/ (“*. :«./*)* {5..1 «*./?*;«.i*). 

issl 

11 

= g{a*J*- c,J)h(l„ . . rf/J* 

Here g is the joint fr. f. of c* and while h is the conditional 
fr. f, of 5 j, . . ^or given values of a* and Finally J is a 

Jacobian independent of a and p. 

A regular estimation case is now defined as a case where the fr. f:8 
/, g and h satisfy the regularity conditions stated in ^ 32.3 with re¬ 
spect to both parameters a and 

Operating in the same way as in 32.3, though dealing with total 
difiPerentials with respect to a and ^ instead of partial derivatives 
with respect to a, we obtain (cf Dugue, Ref. 76) 

(32.6.1) n J (-^rfa +-^^d^J/dx 

— oo —oo 

where the sign of equality holds when and only when the conditional 
fr. f. h is independent of a and /?, whenever g > 0. In a case where 
this condition is satisfied, the estimates a* and (t* may be said to 
summarize all relevant information contained in the sample with re- 
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tpect to a and fi. In generalifation of 32.4, we shall then saj that 
o* and (T are joint sufficient estimates of or and fi» 

Both members of (32.6.1) are quadratic forms in da and dfi. Owing 
to the homogeneity, the same inequahij between the forms holds true 
ereu if da and dfi are replaced bj any variables u and v, and thus 

(32.6.1) may be written 




Consider now the inequality (32.2.1), which expresses the main 
result of Lemma 1 in 32.2, and suppose that %ff(a) ~ a. The inequality 

(32.2.1) may then be written as an inequality between two quadratic 
forms in one variable: 



where p~p(o*; a) is a fr. f. with the mean £f(a*) = a, and the form 
in the second member is the reciprocal of the form E (a* — c)* ii*. 
When expressed in this way, the lemma may be generalized to fr. f:s 
involving several parameters (cf Cram4r, Ref. 72; the detailed proof 
of this generalization will not be given here). In the case of two 
parameters, the generalized lemma asserts that the second member of 

(32.6.2) is at least equal to the reciprocal form of 

E(a* - a)*u* + 2E[(a* - a){fi^-fi)]uv 4- E(/?* ~/?)*v* = 

= ajM* 4 2 p Oi Oj uv 4 al v*, 


where o,, a, and p denote the s. d:8 and the correlation coefficient 
of a* and so that 


(32.6.3) 


> ^ 4 . 

“'1 —p*\a; a, a, all 


Now the concentration ellipse of the joint distribution of a* and (i* 
has the equation (cf 21.10.1) 
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The inequalities (32.6.2) and (32.6.3) thus imply that the fixed eUipac 

lies wholly within the concentration ellipse of any pair of regular uw- 
biased estimates a^, /?*. — This is the generalisation to two parameters 
of the inequality (32.3.3 a). 

When the sign of equality holds in both relations (32.6.2) and 
(32.6.3), we shall say that a* and are joint ffficient estimates of a 
and fi In this case the two ellipses (32.6.4) and (32.6.5) coincide, and 
the joint distribution of a* and /T has u greater concentration (cf 21.10) 
than the distribution of any non-efficient pair of estimates. 

Consider now a pair of joint efficient estimates o, and The 
variances of a* and and the correlation coefficient between these 
two estimates, are obtained by forming the reciprocal of the quadratic 
form in the first member of (32.6.5): 


where 







Hence we obtain e. g. 


D «(0 = 


1 

/n) 



As soon as E variance of o* is thus greater 

than the variance of an efficient estimate in the case when a is the 
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only unknown parameter (cf 32.3.3 a). Now, in a case when there are 
two unknown parameters it often arrives that we are only interested 
in estimating one of the parameters, say o, and we may then ask if 
it would be possible to find some other pair of regular unbiased esti- 
miates a*, yielding a variance D*(a*) < no matter how large 

the corresponding becomes. 

However, since the ellipse (32.6.5) lies wholly within the ellipse 
(32.6.4), the maximum value of the abscissa for all points of the 
former ellipse is at most equal to the corresponding maximum for 
the latter ellipse. Hence we obtain by some calculation the inequality 


which shows that tt is not possible to find a ^better* estimate of a 
than aj. 

The ratio between the two-dimensional variance (cf 22.7) of a pair 
of joint efficient estimates aj, /?J, and the corresponding quantity for 
any pair of regular unbiased estimates a*, /?*, will be called the joint 
efficiency of or* and /?*, and denoted by e(a*, fi*). This is identical 
with the square of the ratio between the areas of the ellipses (32.6.5) 
and (32.6.4), which by (11.12.3) is 

e(«', ?') = 


The concepts of asymptotic efficiency and asymptotically efficient estimate 
(cf 32.5) directly extend themselves to the present case. 

As in 32.3, all the above results remain true in the case when we 
consider samples from a multidimensional population, specified by a 
fr. f. /(a;,, . . ., xt] cr, /J) containing two unknown parameters. 


Ex. 1. When both parameters a = m and = a* of n normal distribution are 
unknown, we have (cf 32.3, Ex. 1—2) 


E 





0 , 



2o** 


so that in this case the optimum ellipse (32.6.6) becomes 

(tt — m)* (v — or’)* 4 

a* 2a* "n* 


Consequently this fixed ellipse lies within the concentration ellipse of the joint 
distribution of any pair of regular unbiased estimates of m and a*. For the particular 

pair of estimates «* — x and ^ s*, the relation (29.3.6) show's the trans¬ 

it •— 1 
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formation which replaces the sample variables ar,,. . by the new variables i, s 
and f|, . . factor in the expression of the fr. f. of the new variables 

represents the conditional fr. f. of z„ . . and this is independent of the unknown 

parameters m and c (and, in fact, also of x and i, but this is of no importance for 

our present purpose). Hence it follows that x and —^ are joint sufficient esti* 

n — 1 

mates of m and a*. Further, we have 

D* (x) = —, D* (—^ 8*\ = -- " , and q lx ,—^ ~ 0. 

n \n — 1/ n—1 '\ n — 1/ 

Thus the concentration ellipse of x and ^ «* has the equation 

(u — mV n — 1 (V — o*)* _ 4 

(J* n 2 0 * M 

H 1 

The square of the ratio between the ureas of the two ellipses gives the value ^ 
for the joint efficiency of the estimates. When n-* go, the efficiency tends to unity, 
and thus ar and asymptotically efficient estimates of m and a*. The 

same holds, of course, also for J- and a*, though s* is not unbiased. 

Ex. 2. Consider a two-dimensional normal fr. f. (21.12.1) with known values of 
.a, and q, while a — and — m, are the two unknown parameters. From a 
sample of n pairs of values - * -»form the estimates «* = t and 

— y. It is then easily shown that in this case the concentration ellipse of the 
e.stimntes .r and y coincides with the fixed ellipse (82.6.5), each having the ei|uatioii 

n / (u — m,)* _2 — ni,)(v — m^) (u — m,)* \ ^ 

1 - - (>* \ o] o, o, al I 

Thus X and 1) are joint efficient estimates (aud a fortiori joint sufficient estimates) 
of m, and ni,. 


32.7. Several unknown parameters. — The results of the preceding^ 
paragraphs may be generalized to distributions involving any number 
of unknown parameters. If a*, . . ., oj are any regular unbiased esti¬ 
mates of the k unknown parameters 0|, . . at, it is shown in a similar 
way as in the case k =^2 that the fixed Ar-dimensional ellipsoid 

(32.7.1) « 2 ® + 2 

lies wholly within the concentration ellipsoid (cf 22.7) of the joint 
distribution of o*, . . at. In the limiting case when the two ellipsoids 
coincide, we shall say that • • -i joint efficient estimates of 

ffi, . . flfjt. Thus the distribution of a set of joint efficient estimates 
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has a greater concentration (cf 22.7) than the distribution of any set 
of non efficient estimates. The moment matrix of a set of joint effi¬ 
cient estimates is the reciprocal of the matrix of the quadratic form 
in the first member of (32.7.1), as shown in the preceding paragraph 
for the case of two parameters. — The concepts of sufficiency, 
efficiency, etc. are introduced in the same way as in the case k = 2. 

At SB example, we consider a two-dimensional normal fr. f. with the dve 
unknown parameters m„ iNs, jU|o. /u,, and fi^^. From a sample of n pairs of values 

(ar,, y,).(aPn*yJ> ol>tain the unbiased estimates x, y, —and 

- mos for the five parameters (cf 29.6). The moment matrix of the joint distri¬ 
bution of the five estimates can be calculated e. g. by means of the expression (29.6.3) 
of the joint c. f. of the estimates. Further, the coefficients in the equation (32.7.1) 
of the optimum ellipsoid may be found by introducing the expression of the fr. f. 
into (82.7.1) and performing the integrations. By simple, though somewhat tedious 
calculations, it will be found that the joint efficieney of the five estimates is 

) . When n —» 00 , this tends to unity, so that the estimates are asymptotically 
efficient. 


32.8. Ganerallzatioii. — Throughout the preetnt chapter, we ha?e 
been concerned with the problem of eatimating certain parameters 
from a set of ralues, obtained by independent drawings from a fixed 
distribution. However, our methods are applicable under more general 
conditions. Consider e. g. the following problem: 

The variables . . ., Xn have a joint distribution in Rn, with the 
fr. f. /(xj, . . ., Xn\ a) of known mathematical form, containing the un¬ 
known parameter a. An observed point x = (xj, . . ., Xn) is known, and 
it is required to find the »best pos8ible» estimate c*==:c*(x„ . x«) 

of a by means of the observed coordinates X|. 

In the particular case when the joint fr. f. is of the form 
/(X|; a) . . ./(xn*, a), this reduces to the problem treated in 32.3, where 
the Xi are independent variables having the same distribution. The 
general set-up covers e. g. also the cases when the Xt are correlated, or 
when they consist of several independent samples from different dis¬ 
tributions. Even in the general case, we talk of the point x = (xj, . . ., x„) 
as a sample point, which is represented in the sample space Rn. 

We now consider the same transformation of variables in the 
sample space as in (32.3.1) and (32.3.2). In the present case, however, 
we have to introduce the general form of the joint fr. f. into the 
formulae expressing the transformation, so that e. g. (32.3.2) becomes 
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f(Xi, . . Xn\ a}dxi . . . dxn = 

= {;,-i |a*; a)da'^d^^ . . . 


The whole argument of 32.3—32.5 (continuous case) now applies almost 
without modification, and in this way the concepts of unbiased, effi¬ 
cient and sufficient estimates etc. are extended to the present general 
case. Thus e. g. the generalized form of the inequality (32.3.3 a) for 
the variance of an unbiased estimate is 


D'M 2 [/■./ .^ d ^]-'_ 


and when the sign of equality holds here, we call a* an efficient 
estimate. When the conditional fr. f. h is independent of a, we call 
a* a sufficient estimate, etc. 

The same generalization may evidently be applied to cases of 
discrete distributions, and to distributions containing several unknown 
parameters. 


CHAPTER 33. 

Methods of Estimation. 

33.1. The method of moments. — We now proceed to discuss 
some general methods of forming estimates of the parameters of a 
distribution by means of a set of sample values. 

The oldest general method proposed for this purpose is the method 
of moments introduced by K. Pearson (Ref. 180, 182, 184 and other 
works), and extensively used by him and his school. This method 
consists in equating a convenient number of the sample moments to 
the corresponding moments of the distribution, which are functions 
of the unknown parameters. By considering as many moments as 
there are parameters to be estimated, and solving the resulting equa¬ 
tions with respect to the parameters, estimates of the latter are ob¬ 
tained. This method often leads to comparatively simple calculations 
in practice. 

The estimates obtained in this way from a set of n sample values 
are functions of the sample moments, and certain properties of their 
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sampling distribntiona may be inferred from Chs 27—28. Thus we 
bare seen (cf in particular 27.7 and 28.4) that, under fairly general 
conditions, the distribution of an estimate of this kind will be asymp¬ 
totically normal for large n, and that the mean of the estimate will 
differ from the true value of the parameter by a quantity of order 
w“"\ while the s. d. will be asymptotically of the form c/V^. By a 
simple correction, we may often remove the bias of such an estimate, 
and thus obtain an unbiased estimate (cf 27.6). 

Under general conditions, the method of moments will thus yield 
estimates such that the asymptotic efficiency defined in 32.5 (or the 
corresponding quantity in the case of several parameters) exists. As 
pointed out by B. A. Fisher (Ref. 89), this quantity is, however, often 
considerably less than 1, which implies that the estimates given by the 
method of moments are not the »best» possible from the efficiency 
point of view, i. e. they do not have the smallest possible variance 
in large samples. Nevertheless, on account of its practical expediency 
the method will often render good service. Sometimes the estimates 
given by the method of moments may be used as first approximations, 
from which further estimates of higher efficiency may be determined 
by means of other methods. 

In the particular case of the normal distribution, the method of moments ^ives 
the estimates x and s* for the unknown parameters m and o*. Correcting for bias, 
we obtain the unbiased and asymptotically efficient (cf 82.6, £x. 1) estimates x and 

«*. It was shown by Fisher (Ref. 89) that, in this respect, the normal di.stribu* 

n — 1 

tion is exceptional among the distributions belonging to the Pearson system (cf 19.4), 
the asymptotic efficiency in other cases being as a rule less than 1. Some examples 
will be given in 3S.8. 

33.2. The method of maximum likelihood. — From a theoretical 
point of view, the most important general method of estimation so 
far known is the method of maximum likelihood. In particular cases, 
this method was already used by Gauss (Ref. 16); as a general method 
of estimation it was first introduced by R. A. Fisher in a short paper 
(Ref. 87) of 1912, and has afterwards been further developed in a 
series of works (Ref. 89, 96, 103, 104 etc.) by the same author. Im¬ 
portant contributions have also been made by others, and we refer in 
this connection particularly to Dugu4 (Ref. 76). 

Using the notations of 32.3, we define the likelihood function L of 
a sample of n values from a population of the continuous type by the 
relation 
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(33.2.1 ft) Ij{Xi^ . . Xjt, £t) Of) . . • f {Xn\ or), 

while in the discrete case we write 


(33.2.1 b) .... Tn\ a) =P/.(cf) . . . pi,, (a). 

When the sample values are driven, the likelihood function L becomes 
a function of the singfle variable a. The method of maximum likeli* 
hood now consists in choosing, as an estimate of the unknown popula- 
tion value of a, the particular value that renders L as great as poss¬ 
ible. Since log L attains its maximum for the same value of a as L, 
we thus have to solve the likelihood equation 


(33.2.2) 


d log L 


with respect to a. Let us agree to disregard any root of the form 
a == const., thus counting as a solution only a root which effectively 
depends on the sample values .r,, . . ., Xn. Any solution of the likelihood 
equation will then be called a maximum likelihood estimate of a. 

In the present paragraph, we shall consider some properties of the 
maximum likelihood method for samples of a fixed size n, while in the 
next paragraph the asymptotic behaviour of maximum likelihood esti¬ 
mates for large values of n will be investigated. — The importance 
of the method is clearly shown by the two following inropositions: 

If an efficient estimate a* of ci exists, the likelihood equation will 
have a unique solution equal to a*. 

If a sufficient estimate a* of a exists, any solution of the likelihood 
equation will he a function of d*. 

It will be sufficient to prove these propositions for the continuous 
case, the modifications required for the discrete case being obvious. 
When an efficient estimate o* exists, the conditions A) and B) sta^d 
in connection with (32.3.3 a) are satisfied, and thus by (32.3.5) we have 

^ ^ y ^ ^og «) ^ = * (o* _ a) 

da ^ da da ’ 

1 

where k is independent of the sample values, but may depend on a. 
According to our convention with respect to the solutions of the 
likelihood equation (33.2.2), this equation will thus have the unique 
solution a = a*. 


499 



33.2-3 


Further, when a sufficient estimate a* exists, condition A) of 32.3 
is satisfied, and by (32.3.5) the likelihood equation then reduces to 

d log L _ d log g (g* ; a) __ . 

^ a So 

The function g depends only on the two arguments o* and «, and 
thus any solution will be a function of a*. 

The above definitions and propositions may be directly generalized 
to the case of several unknown parameters, and to samples from 
multidimensional distributions. Thus e. g. for a continuous distribu¬ 
tion with two unknown parameters a and ^ the likelihood function is 
L(.r,, . . ., 5Cu; a,/?) = and the maximum likelihood esti¬ 

mates of o and will be given by the solutions of the simultaneous 
equations = 0, respect to a and /?. When 

a pair of joint efficient estimates a* and exists, the likelihood 
equations will have the unique solution a = o*, 

The maximum likelihood method may even be applied in the general 
situation considered in 32.8. In this case, the method consists in 
choosing as our estimate the value of a that renders the joint fr. f. 
/(a:,, . . ., Xn\ Of) as large as possible for given values of the .r,. 

Some examples will be given in the next paragraph. 


33.3. Asymptotic properties of maximum likelihood estimates. — 
We now proceed to investigate the asymptotic behaviour of maximum 
likelihood estimates for large values of n. We first consider the case 
of a single unknown parameter a. 

It toill he shown that, under certain general conditions, the likelihood 
equation (33.2.2) has a solution which converges in probability to the true 
value of a, as « oo. This solution is an asymptotically normal and 
asymptotically efficient estimate of a. 

As before, it will be sufficient to give the proof for the case of 
a continuous distribution, specified by the fr. f. f(x', a). We shall use 
a method of proof indicated by Dugde (Ref. 76). — Suppose that the 
following conditions are satisfied: 

1) For almost all x, the derivatives and ^ 

da oar da* 

exist for every a belonging to a non degenerate interval A. 
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m 


m\ 


2) For erory a in A, we hove ^ <jF, (ar), ^ <f,(a:)and 


^ ^ ^functions JPj and JF, beings integ^rable over 

M 

(— oo, 00 ), while j ir(a5)/((t; a)dx < 3f, where M is independent of or. 

ee 

3) For every a in ^4, the integral j ^finite and 


positive. 


We now denote by oto the unknown true value of parameter 
a in the distribution from which we are sampling, and we suppose that 
Oq is an inner point of A. We shall then first show that the likelihood 
equation (33.2.2) has a solution which converges in probability to a^. 
— For every or in A we have, indicating by the subscript 0 that a 
should be put equal to 


ld\0Qf\ . 

~da 




where |^| < 1. Thus the likelihood equation (33.2.2) may, after multi¬ 
plication by 1/n, be written in the form 

(33.3.1) - - = B. + JJ, (c - «„) + i 0 B, (a - «»)» = 0. 

n O cc 


where, writing ft in the place of /(a:,; a), 


(33.3.2) 



b,-IxhM. 

1 


The Bv are functions of the random variables x,, . . .. arn, and we now 
have to show that, with a probability tending to 1 as « oo, the 
equation (33.3.1) has a root a between the limits «o i however 
small the positive quantity d is chosen. 

Let us consider the behaviour of the B, for large values of m. 
From the conditions 1) and 2) it follows tcf 32.3.4) that 
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0 


for every a in A, and hence we obtain 


(33.3.3) 



f{x; «o) dx = 0 


= -E 





where by condition 3) we have it > 0. Thus by (33.3.2) Bq is the 
arithmetic mean of n independent random variables, all having^ the 
same distribution with the mean value zero. By Khintchine’s theorem 
20.5, it follows that Bq converges in probability to zero. In the same 
way we find that Bi converges in probability to — A;*, while Bg con¬ 
verges in probability to the non-negative value EJI(x)<M, 

Let now d and e be given arbitrarily small positive numbers, and 
let P(iS) denote the joint pr. f. of the random variables x,, . . . Xn. For 
all sufficiently large m, say for all n> Wo = ”o(^>^)» then have 

P3 = P(1P,1^2M)< .U- 

Let further S denote the set of all points x — ( 2 : 1 , . . ., .Tn) such that 
all three inequalities 

lBol<dr B,<-ik\ \Bg\<2M, 


are satisfied. The complementary set S* consists of all points x such 
that at least one of these three inequalities is mt satisfied, and thus 
we have by (6.2.2) 

P(*^*) ^ B\ 4- Pj + Pj < €, and hence P(S) >1 — b. 

Thus the probability that the point x belongs to the set which is 
identical with the 7^-measure of 5, is > 1 — «, as soon as 71 > (3, e). 
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For « = Oq i second member of (33.8.1) assumes the values 

Bq ± Bid + hBB^dr. In every point * belonging to S', the sum of 
the first and third terms of this expression is smaller in absolute 
value than (3/ + 1)3*, while we have 3 < — J A:* 3. If 3 < J k^l[M 4-1), 
the sign of the whole expression will thus for « = + 3 be determined 


by the second term, so that we have 


d log L 
i) a 


> 0 for « == 


3, and 


d l og L 

0 it 

d log L 
d(( 


<0 for a = Qq + d. Further, by condition 1) the function 
is for almost all jc = (x,, . . Xn) a continuous function of a 


in A. Thus for arbitrarily small 3 and £ the likelihood equation will, 
with a probability exceeding 1 — e, have a root between the limits 
Oq i 3 as soon as n > (3, e), and consequently the first part of the 

proof is completed. 

Next, let a* = o* (Xi, . . ., Xm) be the solution of the likelihood 
ecjuation, the existence of which has just been established. From 
(33.3,1) and (33.3.2) we obtain 


(33.3.4) 


k (a* — a^y) 





It follows from the above that the denominator of the fraction in 
the second member converges in probability to 1. Further, by (33.3.3) 

I is a variable with the mean zero and the s. d. k. By the 

()a /o 

Lindeberg-Levy theorem (cf 17.4), the sum 2 y ^ a then 

asymptotically normal (0, k V r/), and consequently the numerator in the 
second member of (33.3.4) is asymptotically normal (0, 1). 

Finally, it now follows from the convergence theorem of 20.(5 that 
k Vn(a* — cfp) is asymptotically normal (0, 1), so that a* is asymptotic¬ 
ally normal (oq, c/V w), where 1/c* = 
asymptotic efficiency of a* is then 


k-=E (^f By (32.5.1) the 


Po («*) = 
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and thus our theorem is proved. The corresponding theorem for a 
discrete distribution is proved in the same way. 

In the case of several unknown parameters, we have to introduce 
conditions which form a straightforward generalization of the condi¬ 
tions 1)—3). It is then proved in the same way as above, using the 
multi-dimensional form of the Lindeberg-Levy theorem (cf 21.11 and 
24.7), that the likelihood equations have a system of solutions which 
are asymptotically normal and joint asymptotically efficient estimates 
of the parameters. 

Ex. 1. For a sample of n values from a normal distribution with the unknown 
parameters m and a', the logarithm of the likelihood function is 

log L= - (ar^ - m)* - ^ n log ff* - ^ n log 2 n. 


and the maximum likelihood method gives the equations 


<9 log 
6 m 

If. 


= IT S -♦>*) = 0, 




Hence we obtain the maximum likelihood estimates 


which coincide with the estimates given by the method of moments. We have already 
seen (cf 28.4 and 32.6, Ex. 1) that these estimates are asymptotically normal and 
asymptotically efflcient. 

Ex. 2. Consider the type III distribution (cf 19.4) 

/(•^; A) = x ^-» (jc > 0, A > 0) 


with the unknown parameter A. For any finite interval a < k < b with a > 0 we 
may apply (32.3.3 a), and thus find that the lower limit of the variance of a regular 
unbiased estimate of A from a sample of n values is (cf 12.3) 


1 


fiE 


r-s-o‘ 



1 


d iog “ra)\* 

“ dk I 



In order to estimate A by the method of moments, we equate the sample mean x to 
the first moment A of the distribution, and thus obtain the estimate A* — x. We 
then easily find E(A^) == A. D’(A*) = A/n. Hence it follows by (32.3.7) and (12.5.4; 
that the efficiency of A* is independent of n and has the value 
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, rf* loB ra) 


J- + 21 f 

a + x)*^ 


This is always less than 1, and tends to zero as A 0. — On the other band, the 
method of maximum likelihood leads to the equation 

1 (9 log ly 1 ^ , d log ru) ^ 

and the maximnm likelihood estimate is the unique positive root A — A** of this 
equation. According to the general theorem proved above, A** is asymptotically 

normal |^A, 

can also withoot difdcnlty be seen directly, since the variable log x has the mean 

^**dT ^ variance ^ **** Lindeberg-Levy 

.u 1 « , 4 , *4 „ , log r(X) /I d* log rCAb*! 

theorem log O!^ is asymptotically normal I--, I---1 J . 

£x. 3. In the type III distribution 


/(rr; a) « ^ x^-i e-**», (x > 0, « > 0) 

we now consider A as a given positive constant, while a is the unknown parameter. 
We then have 




In this case, the method of moments and the method of maximum likelihood give 
the same estimate A/x for a. Correcting for bias, we obtain the unbiased estimate 
. nA - 1 . 


which has the fr. f. 


g («•; «) = 


anX(nA - 1)»^ / 1 + J 


(;-»o (n X-l)la*^ 


08 is found without difficulty, e. g. by means of the c. f. (12.8.4). Supposing n A > 2, 
we then obtain £(«♦) =* «, D*(a*) = aV(n A — 2), and 

‘{'t - ‘(v - 2 : ? ■ 

Thus we have in this case n E = E equality 

holds in (32.3.6), which implies that condition A) of theorem (82.3.3) is satisfied. 
Hence it follows that a* is a sufficient estimate of oe, and this rooy also be directly 
verified by means of (32.4.1). On the other hand, condition B) is not satisfied, since 

—is not of the form kia* — a). Accordingly the efficiency of a* is 
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e(«*) = 




n A — 2 
n A 


< 1 , 


so that ee* is not e/Jicifnt for any finite n (cf 82.8). Allowing n to tend to infinity 
we see, though, that a* is asymptotically tffidtnt. 


33.4. The minimum method. — The minimum method dis< 
cussed in 30.3 is only available in the case of a g^rouped continuous 
distribution, or a discrete distribution. For large n, the estimates 
obtained by this method are asymptotically equivalent to those given 
by the simpler modified minimum method expressed by the equations 
(30.3.3) or (30.3.3 aj, and we have already remarked in 30.3 that the 
latter method is, for the cases concerned, identical with the maximum 
likelihood method. 

The main theorem on the limiting distribution of x^ when certain 
parameters are estimated from the sample has been proved in 30.3 
under the hypothesis that the method of estimation is the modified 
minimum method. However, we have stated in 30.3 that there is 
a whole class of methods of estimation leading to the same limiting 
distribution of ;u*. We shall now prove this statement. 

Asymptotic expressions of the estimates obtained by the modified 
^ minimum method have been given in an explicit form in (30.3.17), 
for the general case of s unknown parameters or^, . . ., cr,. Let us sup¬ 
pose that the conditions 1)—3) of the preceding paragraph — or the 
analogous conditions for a discrete distribution — are satisfied. It 
then follows from the preceding paragraph that the estimates (30.3.17' 
are asymptotically normal (this has, in fact, already been shown i' 
30.3) and asymptotically efficient. 

Now in all sets of asymptotically normal and asymptotically efficient 
estimates of the parameters, the terms of order must agree, and 
thus will be the same as in (30.3.17). An inspection of the deduction 
of the limiting distribution of x^ given in 30.3 shows, however, that 
this limiting distribution is entirely determined by the terms of order 

r 

n~i in (30.3.17). In fact, by (30.3.1) and (30.3.4) we have 

1 

and (30.3.18) shows that the limiting distribution of y=^(yu • • yr) 
is determined by the terms in question. 

It thus follows that the theorem of 30.3 on the limiting distribution 
of Z* holds for any set of asymptotically normal and asymptotically effi¬ 
cient estimates of the parameters. 
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CHAPTER 34. 

Confidence Regions. 

34.1, Introductory remarks. — Suppose that we are using a set 
of sample values to form estimates of a certain number of unknown 
parameters in a distribution of known mathematical form. Suppose 
further that the sampling distributions of our estimates are known, 
so that the respective means, variances etc. can be calculated. 

Are we, in such a situation, entitled to make some kind of prob¬ 
ability statements with respect to the unknown true values of the 
parameters? Will it, e. g., be possible to assign two limits to a certain 
parameter, and to assert that, with some specified probability, the 
true value of the parameter will, be situated between these limits? 

In the older literature of the subject, probability statements of 
this type were freely deduced by means of the famous theorem of Bayes, 
one of the typical problems treated in this way being the classical 
problem of inverse probability (cf 34.2, Ex. 2). However, these applica¬ 
tions of Bayes' theorem have often been severely criticized, and there 
has appeared a growing tendency to avoid this kind of argument, and 
to reconsider the question from entirely new points of view. The at¬ 
tempts so far made in this direction have grouped themselves along 
two main lines of development, connected with the theory of fiducial 
probabilities due to R. A. Fisher (cf e. g. Ref. 14, 100, 102, 105—109) 
and the theory of confidence intervals due to J. Neyman (cf e. g. Ref. 
30, 161, 163, 165—167). We shall here in the main have to restrict 
ourselves to a brief account of the latter theory. 

In the next paragraph, we shall consider the case of a single 
unknown parameter, comparing the older treatment by means of Bayes' 
theorem with the modern theory. In 34.3, we then proceed to more 
general cases, and finally we discuss in 34.4 some examples. 

34.2. A single unknown parameter. — Consider a sample of n 
values X], . . ., Xn from a distribution involving a single unknown para¬ 
meter «. We shall first suppose that the distribution is of the con¬ 
tinuous type, and has the fr. f. /(x; a). For simplicity we suppose 
that /(x; a ) is defined for all values of cr. Let a * = a* (xj, . . ., Xn) be 
an estimate of or, with the fr. f. g (a *; cr). 

Having calculated the value of a* from an actual sample, we now 
ask if it is possible to make some reasonable probability statement 
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with respect to the unknown value of or in the distribution from which 
the sample is drawn. The question will be considered from two funda¬ 
mentally different points of view. 

1. The classical method. In some cases, it may be legitimate to 
assume that the actual value of the parameter a in the sampled 
population has been determined hy a random experiment. Cases of this 
character occur e. g. in the statistics of mass production, when a de¬ 
notes some unknown characteristic of a large batch of manufactured 
articles, which it is required to estimate from a small sample. The 
particular batch under consideration will then have to be regarded as 
an individual drawn from a population of similar batches, where the 
values of cr are submitted to random fluctuations due to variations in 
the production process and the quality of raw materials. The drawing 
of one individual from this population of batches is the random ex¬ 
periment which determines the actual value of ci. — Similar cases 
occur e. g. in certain genetical problems. 

In such cases, a is itself a random variable, having a certain a 
priori distribution. Let us assume that this distribution is defined by 
a known fr. f. o'(a). In the joint distribution of a and o*, the func¬ 
tion ttT (a) is then the marginal fr. f. of o, while g (or* ; o) is the condi¬ 
tional fr. f. of o* for a given value of or. Conversely, the conditional 
fr. f. of or, for a given value of a*, is by (21.4.10) 

0'(a)g(g*; or) 

oe 

f tjr(o) j/(a*; a) da 

90 

This relation expresses Bayes' theorem as applied to the present case. 
The quantity 

(34.2.1) P(k,<a<k^\a*)=^ f h(a\a*)da 

then represents the conditional probability of the event k^ < a < k^, 
relative to a given value of a*. This probability is commonly known 
as the a posteriori probability of the event kx<a< k^, as distinct 
from the a jiriori probability of the same event, which is equal to 

b 

J tar (a) da. 

A'l 

By 14.3 and 21.4, the a posteriori probability (34.2.1) admits a 
frequency interpretation which runs as follows. Consider a sequence 
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of a large number of independent trials, where each trial consists in 
drawing a batch from the population of batches, and then drawing 
a sample of n values from the batch (we use a terminology adapted 
to the example considered above, but the argument is evidently general). 
From the sample, we calculate the estimate n*; we further assume 
that it is possible to examine all the articles in the total batch, so 
that the corresponding value of « may be directly determined. The 
result of each trial will thus be a pair of observed values of the vari¬ 
ables « and it*. From the sequence of all trials, we now select the 
sub-seciuence formed by those cases where the observed value of a* 
belongs to some small neighbourhood of a value given in advance. 
The frequency ratio of the event < a < in this sub-sequence will 
then, within the limits of random fluctuations, be given by the value 
of the a posteriori probability (34.2.1) for a* = oj. 

The above is the direct frequency interpretation of the a posteriori probability. 
By a slight modification of the argument, we may obtain a result which shows a 
greater formal resemblance to the theory of confidence intervals as given below. l.et 
t be given such that 0 < f < 1. To every given we can then determine the 
limits /fi ==/f, (ft*, f) and /f, ==/c, («*, e) in (34.2.1) such that the probability 
P(/fj < a < k^ \ a*) takes the value 1 - e. (The reader may here consult Fig. 33, p. 
oil, replacing c, and c, by and k^.) Consider now once more the above sequence 
of all trials, and let us calculate the limits = /:,(«*, e) and A*, ~ /r, («•, e) from 
the sample obtained In each trial. The interval (Ar,, Ar,) will then depend on so 
that in general the successive trials will yield different intervals. Let us in each 
trial count the occurrence of the event k^ < a < /r, as a >'Succe8S'>. and the occurrence 
of the opposite event as a »»failiire'». The probability of a success is then constantly 
equal to 1 — f, and accordingly (cf lfi.6) the frequency ratio of successes iii a long 
series of trials should, within the limits of random fiucluatioiis, be equal to 1 — t. 
The practical implications of this result, in a case where the method may be legitim 
ately applied, are similar to those discussed below. 

2. The method of confidence intervals. In a case wliere there are 
definite reasons to regard a as a random variable, with a known 
probability distribution, the application of the preceding method is 
perfectly legitimate, and leads to explicit probability statements about 
the value of « corresponding to a given sample. However, in the 
majority of cases occurring in practice, these conditions will not be 
satisfied. As a rule a is simply an unknown constant, and there is 
no evidence that the actual value of thi.s constant has been determined 
by some procedure resembling a random experiment. Often there will 
even be evidence in the opposite direction, as e. g. in cases where the 
tt vaiiies of various populations are subject to systematic variation in 
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time or space. Moreorer, even when o may be legitimately regarded 
as a random variable, we usually lack sufficient information about its 
a priori distribution. 

It would thus be highly desirable to be able to approach the ques¬ 
tion without making any hypothesis about the random or non-random 
nature of the parameter a. Certain methods designed to meet this 
desideratum have been developed by the authors quoted in the pre¬ 
ceding paragraph, and we now proceed to show how the problem may 
be treated by the method of confidence intei'vaU due to Neyman (1. c., 
cf also Wilks, Ref. 42, 234). In the present paragraph, we shall con¬ 
sider the question under certain simplifying assumptions, while more 
general cases will be dealt with in the next paragraph. 

We shall now consider a as a variable in the ordinary analytic 
sense, which assumes a constant, though unknown value in the popula¬ 
tion from which an actual sample has been drawn. The results thus 
obtained will hold true whether the value of a has been determined 
by a random experiment or not, so that this method is actually of 
more general applicability than the preceding one. 

As before, we consider a sample of n values from a distribution 
with the fr. f. f{x\ a), and we denote by g(a^\€t) the fr. f. of the 
estimate a* = a* (ajj, . . ., Xn). Denote further by P(S; or) the joint pr. f. 
of the sample variables .. .,a:n» and let b be given such that 0 < e < 1. 

For every fixed a, the fr. f. g(a*; a) defines the probability distri¬ 
bution of or*, which may be interpreted as a distribution of a unit of 
mass on the vertical through the point (or, 0) in the (or, a*)-plane 
(cf Fig. 33). Suppose now that, for every value of or, two quan¬ 
tities y, = yi (or, b) and y, = y, (a, «) have been determined such that 
the quantity of mass belonging to the interval < a* < y, of the 
corresponding vertical — i. e. the probability of the event yj < c* < y, 
for the value or of the parameter — becomes 

(34.2.2) P (yi < a* < y*; a) = /p (a*; a) da* == 1 — 

Tfi 

Obviously this can always be done, and there are even an infinity of 
possible ways of choosing yj and y^, since these quantities may be 
determined from the relations 

V, oe 

jgda* = Bi and 

-00 y, 

where b^ and b^ are any positive numbers such that C| + s, = £. 
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Fig. 33, Confidence intervals for a single unknown parameter. 


If we draw a sample of n values from a distribution corresponding 
to any value of a, the event < a* < y^ will thus always have a 
probability equal to 1 — e. The quantities y, and depend on or, and 
when a varies, the points («, y,) and (a, y^) will describe two curves 
in the plane of (a, «*), as indicated in Fig. 33. We shall‘assume that 
each curve is cut in one single point by a parallell to the axis of a. 
Let the abscissae of the two points where the curves are cut by the 
horizontal through the point (0, a*) be c, = Ci(a*, e) and (a*, e), 

and let D(€) denote the domain situated between the curves. — Con¬ 
sider the three relations 

(34.2.3) {a,a*)cD(e), y, (a, e) < o* < ^,( 0 , #), c, (o*, «) < o < Cj(o*,«). 

For any fixed value of a, each of these relations is satisfied by a 
certain set of points * = (a?,, . . Xn) in the sample space. However, 
the three relations are perfectly equivalent, since all three express 
the fact that the point (or, o*) belongs to the domain D(€), Thus the 
three sets in the sample space are identical, and consequently we obtain 
from (34.2.2) for every value of a 


(34.2.4) 


P{Ci < o < c,; o) = 1 — e. 
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Both relations (34.2.2) and (34.2.4) give the value of the set function 
F(S; a) for a certain set S in the sample space, which is defined in 
two different but equivalent ways, viz. by the two last relations (34.2.3). 
The first of these asserts that the random variable a* takes a value 
between the constant limits yi and y,- relation (34.2.3), on 

the other hand, asserts that the random variable (a*, f) takes a value 
smaller than o, while the random variable c^(a*, £) takes a value 
greater than a or, in other words, that the variable interval (Cj, c^) 
covers the fixed point a. According to (34.2.4), the probability of this 
event is equal to 1 ^ whatever the value of a. 

Consider now a sequence of independent trials, where each trial 
consists in drawing a sample of n values from a population with the 
fr. f. f(x\ a), the values of a corresponding to the successive trials 
being at liberty kept constant or allowed to vary in a perfectly ar¬ 
bitrary way, random or non-random. From each set of sample values, 
we calculate the quantities C| = Hi (a*, f) and c, = (a*, «), using the 

value of £ given in advance. In general, Cj and c, will have different 
values in different trials. Each trial will be counted as a » 8 uccess», 
if the corresponding interval (C|, C 9 ) covers the corresponding point a, 
and otherwise as a »failure>. By (34.2.4), the probability of a success 
is then constantly equal to 1 — £, and accordingly (cf 16.6) the fre¬ 
quency ratio of successes in a long sequence of trials will, within the 
limits of random fluctuations, be equal to 1 — £. 

Suppose now that we apply constantly the following rule of behaviour. 
We first choose once for all some small value of Sy say £ =j5/100. When¬ 
ever a sample has been drawn^ and the corresponding limits Cj and c, 
have been calculatedy we further' state that the unknown value of a in 
the corresponding population is situated between c, and c^. — According to 
the abovey we shall then always have the probability £=|?/100 of giving 
a wrong statement. In the long run^ our statements will thus be wrong 
in about p % of all cases, and otherwise correct. 

The interval (c^, c,) will be called a confidence interval for the para¬ 
meter a, corresponding to the confidence coefficient 1 — £, or the con¬ 
fidence level £=j 7 /l 00 . The quantities c^ and c, are the corresponding 
confidence limits. 

Comparing this mode of treatment with the one based on Bayes’ 
theorem, it will be seen that the method of confidence intervals is 
entirely free from any hypothesis with respect to the random or non- 
random nature of a. On the other hand, it follows from this very 
generality that the method does not lead to probability statements of 
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the type: »The probability that a is situated between such and such 
fixed limits is equal to 1 — «». In fact, such a statement has no sense 
except when a is a random variable. The statements provided by the 
method of confidence intervals are of the type of the relation (34.2.4), 
which expressed in words becomes: »The probability that such and 
such limits (which may vary from sample to sample) include between 
them the parameter value a corresponding to the actual sample, is 
equal to 1 — e». As shown above, we may deduce from this statement 
a rule of behaviour associated irith a constant risk of error e, where f 
may be arbitrarily fixed. 

It must be observed that the system of confidence intervals corres¬ 
ponding to a given s is not unique. Just as we may consider various 
different estimates of the same parameter cr, we may also have various 
systems of confidence intervals, leading to different rules of behaviour, 
all associated with the same risk of error e. This is by no means 
contradictory. As we have seen above, the confidence intervals obtained 
by applying a given rule will vary from sample to sample, and it is 
perfectly natural that, for a given sample, different rules may yield 
different intervals (cf Ex. 1 below). 

Obviously it will be in our interest to find rules which, under given 
circumstances, yield as short confidence intervals as possible. Suppose 
e. g. that we are dealing with estimates a* which are unbiased and 
approximately normally distributed. The strip I)[€) in Fig. 33 will 
then be made as narrow as possible by choosing for a* an estimate 
of minimum variance. Thus the classes of efficient and asymptotically 
efficient estimates studied in Ch. 32 will, under fairly general condi¬ 
tions, lead to the shortest or asymptotically shortest confidence inter¬ 
vals. We cannot go further into this subject here, but the reader is 
referred to papers by Neyman (Ref. 165) and Wilks (Ref. 233). 

We finally observe that the above definitions and arguments apply 
even in the case of a discrete distribution involving a single unknown 
parameter a. However, there is one important modification to be made 
in this case. When the distribution on the vertical through the point 
(a, 0) in Fig. 33 has discrete mass points, the limits and y, cannot 
always be determined such that P(yj < a* < y*; a) = 1 — £ as required 
by (34.2.2). We shall have to be satisfied with choosing yj and y, 
such that P(yi < a* < y*; or) ^ 1 — which is evidently always pos¬ 
sible. The strip B (c) and the confidence interval (cj, c,) are then 
determined as in the continuous case. The risk of committing an 
error when stating that a belongs to (C|, c,) is in this case not exactly 
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equal to but at fnost equal to «. With this exception, everything is 
perfectly similar to the continuous case. 

Ex. 1. Let it be required to eetiniftte the mean m of a normal popnlation with 
a known a. d. a. Replacing in Fig. 88 a and a* bj m and we firat consider the 
efficient estimate m* x £ x^n, which is normal (m, a/Yn). For the confidence 
leTel e »/)/100, the limits yi and y, in Fig. 38 maj be pat eqnal to m ± X^o/Vn, 
where is the p% ealne of a normal deeiate. The carves forming the boundary 
of the domain D (e) will then be the straight lines x » m ± o/Yn, The relations 

tn — Ap o/]/n < X < m + Ap afY n, 
i On < 5 + 

an evidantly cqai.alent, to that th. limita e, and are eqaal to x ± of\/~n. Tba 

rule which consists in asserting, whenever a sample has been drawn, that the un¬ 
known mean m is,situated between the limits x ± X^a/Yn is thus associated with a 
constant risk of error eqnal to p %. 

We have, in fact, already encountered this interval in 81.8, Ex. 2. We have 
seen there that, working on a p % level of significance, the hypothesis that the mean 
of the distribution has a value c given in advance will be regarded as consistent 
with the data when c is situated between the confidence limits x ± Ap ofY n, while 
otherwise it will be rejected. 

Suppose, on the other hand, that we consider the non*efficient estimate m* ■■ /, 
where z is the sample median. By 28.6, z is asymptotically normal (m, k o(Y n), where 
k ■-■ Ynih = 1.S588. Let US, for the sake of the argument, assume that the error of 
approximation can be neglected, so that the distribution is exactly normal. Each of 
the equivalent relations 

m — A Ap alYn < / < m + A Ap afYn and z — A Ap < m < s + A Ap alYn 
then has a probability of p %, and consequently we obtain in this ease the p % con¬ 
fidence limits z ± A Ap alY n. From a given sample, we thus obtain different con¬ 
fidence intervals for tn, according as we apply the role founded on x or on z. Never¬ 
theless the risk of error is the same in both cases, if we are using the same value 
of e. Obviously the former role will always give a shorter interval than the latter. 

Ex. 2. Suppose that we have made » repetitions of a random experiment, and 
that a certain event E has occurred n times. It is required to estimate the unknown 
probability p of E, This is the classical problem of inverze probability, which is 
treated in the majority of texbbooks by melins of Bayes’ theorem. 

We shall here apply the theory of confidence intervals to the problem, and con¬ 
sider the efficient eatimate (cf 82.8, Ex. 6) p* » y/n, which is asymptotically normal 
(p, Vpq/n), where g « 1 — p. Taking the limits y, and yt equal to p ± A YpQ^ ftod 
assuming, as in the preceding example, that the distribution is exactly normal, Fig. 
88 will take the form indicated in Fig. 84. The domain D(s) is here bounded by 
the carves p* »*p ± AV^pg/n, which form the two halves of an ellipse, A being the 
100 f % value of a normal deviate. The fact that a point (p, p*) is situated inside 
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Fig. 84. Confidence interTnla for an unknown probability, n = 100, e = 0.05. 


the ellipae may be expreaaed by aaying that p* liea between the limita p ± ^ 
or by the eqnivalent statement that p liea between the limits 


(34.2.6) 


n+Xi(p* + ^±^ 




The latter limits determine a 100 e % confidence interval for p. 

This resnlt is, of course, only approximate, since in reality p* has a discrete 
distribution which is only approximately normal. £. 8 . Pearson and Clopper (Ref. 
106) have given graphs based on the exact distribution and permitting a deteifmina* 
tion of confidence intervals for the 6 % and 1 % levels. As Pearson and Clopper 
point out, their graphs may be used i. a. to determine the value of n which is ne¬ 
cessary to provide a desired degree of accuracy in the estimation of p. Suppose, 
e. g., that p is about 60 %, and that we want a confidence interval of length at most 
equal to d. From the approximate solution (34.2.6) w'e obtain, taking p* ^ 


X 


«, 


or 


n ^ A* 


1 - d* 
d* 


Taking e. g. d = e » 0.oi, this gives n > 66840. 

Ex. 3. Suppose that we have a population consisting of a finite number N of 
individuals, Np of which possess a certain attribute A, while the remaining 
Nq ^ N Np do not possess A. It is now required to estimate the unknow^n pro¬ 
portion p by the rtpreMtntativt method (cf 25.7). Let us draw a random sample of 
M individuals icithout replacement, and observe the number v of individuals in the 
sample possessing the attribute A. In current text-books on probability, it is shown 
that we have (cf e. g. Cramdr, Ref. 10, p. 38) 
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E 



N — n pq 
N- l’ n ‘ 


Farther, the variable p* ~ v!n is approximately normally distributed, when n and 
N — n are large. Taking p* as an estimate of p, we now assume as above that the 
error of approximation involved in the normal distribution can be neglected. The 


probability that p* lies between the limits p± A ^ equal to e, 

where A has the same significance as in the preceding example. Thus we obtain 
confidence limits for the unknown proportion p simply by substituting in (84.2.6) 


N- 1 , 

•r; - n for n. 

—n 


34.3. The general case. — The theory of confidence intervals 
developed in the preceding paragraph is easily extended to more 
general cases. Consider a distribution of the continuous type con¬ 
taining k unknown parameters aj, . . ak^ and suppose that we draw 
a sample of n values from this distribution. 

The sample variables will as usual be regarded as the coordinates 
of a point x = Xn) in the n-dimensional sample space Rnf and 

similarly the set of parameters of an actual distribution will be re¬ 
presented by the point a === (cr|» . . Ok) in a A;-dimensional parametric 
space Pk. For simplicity we suppose that the distribution is defined 
for all points a of P*, and we denote the joint pr. f. of the variables 
a’i, . . Xn by P(S; «), where S is a set in the sample space Ph. 

For the following developments, it is not necessary to suppose that 
the variables x^, . . ., Xn are independent variables all having the same 
distribution. With a similar generalization as in 32.8 we may, in 
fact, allow P(^] «) to denote any ^i-dimensional pr. f. of the continuous 
type, which is defined for all parametric points a == (o^, . . ., at). 

To every parametric point a in P*, we may determine a set 5'(c:) 
of points X in such that 

(34.3.1) P[x < S(a); rf] = 1 — 

where e is given in advance. — The set corresponds to the in¬ 
terval y, < «* < in Fig. 33,*) and the relation (34.3.1) corresponds 
to (34.2.2). Further, the set 1) of all points («, *) in the product 
space Pi * Rn such that the relation x S(a) is satisfied, corresponds 
to the domain Die) in Fig. 33. For every point x in Rn, we now 
consider the set S (*) of all points a in Pk such that [a, x) C />. 

‘) We may here regard Fig. 33 os concerned with a sample of one single observed 
value a* from a distribution with the fr. f. g (a* ; a). 
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Then S(jc) corresponds to the interval r, < a < c* of Fig. 33, and the 
three relations 

(«, *)<!), X < S («), n Cit («), 

are equivalent, for the same reasons as the corresponding relations 
(34.2.3). Hence we obtain the analogue of (34.2.4): 

(34.3.2) P[«<S(*);«] = l-f. 

The further development is exactly similar to the preceding particular 
case. If we draw repeatedly samples of n from distributions of the 
given type, the corresponding parametric points a being at liberty 
kept constant or allowed to vary in a perfectly arbitrary way, and if 
for every sample we state that the actual parametric point a belongs 
to the set 2 ](x) corresponding to the sample, we shall in each case 
have the probability e = p/100 of being wrong. Consequently in the 
long run our statements will be wrong in about p % of all cases. 

The set 21 (jr) will be called a confidence region for the parametric 
point «, corresponding to the confidence coefficient 1 or the con¬ 
fidence level £=J 9 / 100 . If, in particular, the set S(*) is an interval 
in Pjfc defined by one single relation of the form 

(34.3.3) Cj (JK, «) < ffr < Cg (*, b), 

where r is one of the subscripts 1, .... A:, while c^ and Cg are inde¬ 
pendent of a,, . . ., Ojfc, we shall call lt(x) a confidence interval fur the 
parameter' Or. The last definition evidently includes the corresponding 
definition of the preceding paragraph as a particular case. More 
generally, if the set 2](je) is a cylinder set (cf 3.5), the base of which 
is a set in the subspace of the parameters Cj, . . ., Cr, where r < ^, we 
shall say that S(jr) is a confidence region for the parameters a,,.. .,cfr. 

With respect to the generalization to distributions containing dis¬ 
crete mass points, the remarks of the preceding paragraph apply even 
in the present general case. Finally, the generalization to samples 
from multi-dimensional distributions is immediate. 

34.4. Examples. — In 31.3, Ex. 6, we have already encountered 
some confidence intervals for coefficients of regression and correlation 
in the case of samples from a two-dimensional normal distribution. 
We shall now discuss some further examples, which will give rise to 
comments on certain points of general interest. 
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Ex. 1. The mean of a normal dietribuHon. When a?|,are a 
set of sample yalnes from a normal distribution with unknown para¬ 
meters m and e, the ratio (cf 29.4) 

t=j! 

has Student’s distribution with n — 1 d. of fr., the corresponding fr. f. 
being For any interral (t\ the relation 

(84.4.1) t' < < t" 

f* 

has thus the probability fsn-i(t)dt, which is independent of the 

r 

parameters m apd <r, and by an appropriate choice of t' and this 
can be made to assume any given value 1 — s. 

Suppose that t' and t" are fixed. For every parametric point (m, a), 
the relation (34.4.1) then defines a set of points x in the sample space 
which corresponds to the set 5(ii) of the preceding paragraph. How¬ 
ever, (34.4.1) may also be written in the equivalent form 

(34.4.2) i-t’'~===<m<£-t'-^J===- 

Vn-l 

For any fixed point x «(xj,. . ., s^) in the sample space, this relation 
defines an interval in the parametric space, which is independent of o, 
and is thus of the form (34.3.3), where Or has been replaced by m. 
According to the definition of the preceding paragraph, (34.4.2) thus 
provides a eonfdenee interval for the mean m, and we have the following 
relation corresponding to (34.3.2): 

(34.4.8) P- r p== < m < » - <' Y =^: ♦». “ jon-i W dt. 

Thus if we draw repeatedly samples of n from normal populations, 
the values of m and or corresponding to the successive samples being 
at liberty kept constant or allowed to vary in an arbitrary way, and 
if for every sample we calculate the confidence limits £ — r/V n — 1 
and £ — (elVn — 1, the frequency of those cases where m is included 
between the limits will in the long run be approximately equal to 

/ »ii-i(f)d#. 

f 
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Every choice of t and t* yields, accordins^ to (34.4.3), a rule for 
calculating confidence intervals for m, the corresponding confidence 

coefficient being J Sn-i(t)dt Taking e. g. t'=—tp and t'* = where 

I' 

tp is the p % value of f for n — 1 d. of fr., we obtain the confidence 
limits 

corresponding to the confidence coefficient 1 — p/100, or the confidence 
level p %. 

Consider the sample of n » 10 values from a supposedly normal population con- 
tained in the last column of Table 31.3.7. The mean and the s. d. of the sample 
are respectively 1.58 and 1.167. Hence we obtain according to the last rule the con 
tidence limits 1.58 ± 0.889 tp for the unknown population mean m. For the confidence 
level p » 6 %, this gives the confidence interval 0.70 < m < 2.46, while for p = 1 % 
the interval becomes 0.82 < m < 2.84. 

Choosing t* and t** differently, we obtain other rules for calculating 
confidence intervals for m. Suppose, e. g., that an interval (a, h) is 
given in advance. We now draw a sample of n values from a normal 
population, and denote the observed sample point by the sample 
mean by s. d. by C'^om these particular values Jo 

3o, we further determine and such that 


- .f/ 

Xa — t 


\rn 








= h. 


Like any other values of t' and the values determined in this way 
correspond to a rule for calculating confidence intervals for m, and 
in the particular case of the sample this rule leads precisely to the 
given interval (a, h). Solving the above equations for f and t'\ we 
find that the corresponding confidence coefficient is 

(34.4.4) 


When the sample Xq is known, this quantity can be numerically cab 
culated for any interval {a, h). Thus we may say that, with 7'cs2)ect to 
the estimation of m hy means of the sample charactei'isties ur and s, the 
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observed sample Xq assigns to any given interval (a, &) a confidence coefi 
ficient given by (34.4.4).*) 

However, it is necessary to note carefully the concrete meaning^ of 
the last proposition. We are not saying that there is a probability 
given by (34.4.4) that m falls between the given limits a and h. As 
already pointed out in 34.2, such a statement woulj have no sense 
except when m is a random variable. We do, in fact, only assert that 
there exists a rule for calculating confidence intervals for m, which in the 
particular case of the sample Xq would lead to the given intei'val (a, h) 
as confidence interval, and that this rule is associated with the confidence 
coefficient (34.4.4). 

To the case of the sample of n = 10 values from Table 31.3.7 considered above, 
we thus find by means of Table 4 that the interval 0.6 < m < 2.6 has the confidence 

coefficient jB^{t)dt^ 0.07. 

-a.*7 

As in 34.2, it should be observed that the above system of con¬ 
fidence intervals and confidence coefficients for the estimation of m 
is not unique. If, e. g., we replace £• and s by the median and the 
mean deviation of the sample, we shall obtain a different system of 
rules. 


Ex. 2. The difierence hetiveen the means of two normal distributions. 
Let Xi, . . ., Xn, and yi, . . ., yn« be two independent samples with the 
means x and y, and the s. d:s s^ and s^. Suppose that these are drawn 
from normal populations with the means and m^, and the s. d:s 
and (T, respectively. We suppose that all four parameters are unknown, 
and that it is required to estimate the difference Wj — w*, between 
the population means. This problem Has been much discussed in the 
literature (cf e. g. Bartlett, Ref. 55, 56; Behrens, Ref. 60; Fisher, Ref. 
105—109; Neyman, Ref. 167; Welch, Ref. 229). 

In 31.2, we have considered the question whether Wj — wig differs 
significantly from zero, under the simplifying assumption that Cj and 
<7t are equal. If, in the variable u defined by (31.2.1), we replace 
^ y by X — y — (wi, — wig), and if we assume that Uj == Cg, the re¬ 
sulting variable will have Student’s distribution with iti -f- Wg — 2 d. 
of fr. Hence we obtain, in the same way as in the preceding example, 
the confidence limits 

*) At this point, we possibly exceed the conceptual limits of the theory as given 
by Neyman (cf 167). The same remark applies to the corresponding part of 

Ex. 2. 
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(34.4.5) 


X — 


[/ ± tp 



(W| -f- (>?!.»? H- 

Wj [n^ + — 2) 


for the unknown difference m, — Wg. Here we have to take tp with 
Wj + — 2 d. of fr. — We now proceed to make some remarks on 

the general case when a, and may have any values. 

To any parametric point (tw,, wi„ oj corresponds a joint distri¬ 
bution of the -f' Wj variables nci and yj, which are represented in a 
space R of n^ -f ii^ dimensions. Let now four constants A:,, /*g, Cj and 
Cg be given, subject to the only condition that ki < k^. For any para¬ 
metric point, the relation 


k^ < Cj 



-f r. 


— ^1 




defines a set S of points (:«, r) — (t,, . . :r„,, ?/,, . . ^n-) in the space 

R. Since the random variables 




and M — ??• — 1 


// ~ wij 


are independent and distributed in Student’s distribution with r?, and 
d. of fr. respectively, the probability that a sample point («, y) be¬ 
longs to the set S is 

(34.4.6) ^n,-i{t)s„^-i{u}dfdu, 

where the integral is extended over the domain defined by the relation 


k, 


< 


c, t 


c^n 


< k^. 


The quantity J is independent of the parameters, and the set S cor¬ 
responds to the set S(a] of 34.3. The relation which defines the set 
S may be written in the equivalent form 


(34.4.7) 


Si .Vg * .Vj Sg .V| 



For any fixed point (x, y), this relation defines a cylinder set 2(4c,y) 
in the four dimensional (wj, mg, Oi, (Tg)-space, the base of which is a 
strip bounded by two parallell lines in the (wj, mg)-subspace. Thus ac¬ 
cording to 34.3 the set S(x,y) is a confidence region for w?i and 
with the confidence coefficient J given by (34.4.6). 
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Erery choice of the conitante C] and c, yields, according to 

(34.4.7) , a confidence region for nti and m,, the corresponding con¬ 
fidence coefficient being giTen by (34.4.6). By an appropriate choice 
of the constants, we may render the confidence coefficient equal to 
any given value 1 — 

As in the preceding example, we now suppose that an interval 
(a, ft) is given in advance, and that two samples Xq and have been 
drawn. From the particular values Xo, yo, Si and observed in these 
samples, we determine A|, Ci and c, such that 

ci = <!, *1 = ^0 —y« —6, = —y, —a. 

Like any other values of the constants, the values obtained in this 
way correspond to a rule for determining confidence regions for nii 
and m,. Inserting these values of the constants in (34.4.7), we find 
that in the particular case of the samples Xq and y^ this rule leads 
to the region 

a < wii — m, < 6, 

while the domain of integration in the expression (34.4.6) of the con¬ 
fidence coefficient becomes 

(34.4.8) ^0 — yo — ft < 1/-^T ~ iA~~~r ^~yo —«• 

r — 1 r Mj ~ 1 

Thus thet'e exists a rule for determining confidence regions for nii 
and m„ which in the particular ease of the samples Xq and y^ would lead 
to the region a <mx — m^ <h, and this rule is associated with the con¬ 
fidence coefficient J given by (34.4.6), where the integral is extended over 
the domain (34.4.8). — In the sense explained by this statement, we may 
say that the samples Xq and y^ assign the confidence coefficient J to the 
region a < Wj w, < ft. 

Hence we may deduce a test of significance due to Behrens and 
Fisher (1. c.). Let two samples with the means x and y, and the s. d:s 
and be given, and let 6 be an angle such that 

_3__ Bin 6^ — = r cos 6, 

/wi-1 - 1 


r = 




where 



Coniider the integrral J in (34.4.6), extended OTer the domain 
< sin d — « cos $> dy 


and determine d snch that c7’a= d, where d is a g^iren number such 
that 0<d<l. For fixed d, the quantity d will be a function of 
9 ii, til and d, which may be numerically calculated when these quan¬ 
tities are known. Now ii x — y >dr, the region mi ^ »i, will according 
to the abore have a confidence coefficient smaller than d. Similarly, 
if x — y<‘— dr, the region mi ^ m^ will have a confidence coefficient 
smaller than d. If d is sufficiently small, the means x and y are 
accordingly regarded as significantly different, as soon as \x — y\> dr. 
Tables for the application of this test are available (cf Sukhatme, 
Bef. 223; Fisher-Tates, Bef. 262). 


Ex. 3. Th€ mean of a finite population (of 84.2, Ex. 3). Soppone that we have 
a popalation consiatiDg of a large, but finite number N of individuals, among which 
a certain character X is distributed. For the mean, the. variance, and other char¬ 
acteristics of X in the total population, we use the ordinary notations: m, o’*, etc. 
It is required to estimate the unknown mean m of the population by means of the 
repreeentative method (cf 26.7). Let ns draw a random sample of n individuals 
widumt replacement^ and denote by x = £ xjn and s* = £ x)*/n the mean and 

the variance of the n observed sample values of or. We then have (cf e. g. Neyman, 
Ref. 160; Hagstroem, Ref. 121 a) 


E (x) = m, 


D\x) 


N-n 

r ft ’ 


EiB*) = 


N 

N- 1 







NiN-n) 


(n-l)o* 


{N- 1)*(A-2)(JV- 8) 


[2nJV*-6(n+ l)(Ar~ 1) + 

(nN - N - n - 1)(N - Dy^] 


where y, = — 8 is the coefficient of excess (cf 16.8) of the population. When 

n and N — n are both la^^ge, x is approximately normal, so that the variable 


V' 


{N-l)n,- 


N-n 


{x — m) is approximately normal (0, a). 


and the variance of s* may be written 


The formulae for the mean 




D» 




N 

2Nin-l) 

N-n 





where q* ^ Nne'KN — n). If we assume that the excess y, of the population may 
be neglected, it now follows by means of (18.1.6) that for large N the variable 
has approximately the same mean and the same variance as a ^’-distribution with 
N{n iy{N — n) d. of fr. Although in this case the exact distribution of s’ or q’ 
is not known, we may as a first approximation assume that the variable 
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1)H 


(*-m) 


1 / N-n , 


r 


iN — l)(ii — 1) 5 — ■m 
N-n ‘ • 


has Stadent'a distribation (18.2.4), with fi replaced by — i)/{N — fi). For the 
nnknown popnlation mean m, we then obtain aa in Ex. 1 the p % confidence limita 




l/ZZE-_ 

V (Ar-l)(n-l) 


ADDITIONAL EKMAaK. The following important papers bearing on the subjects treated 
In Chs 32-84 (particularly 82.3-4 and 333) have unfortunately been omitted from the 
List of References: 

Doob, J. L., Probability and Statistics, Trans. Amer. Math. Soc., 86 (1934), p. 759. 

Doob, J. I.., Statistical estimation, Trans. Amer. Math. Soc., 89 (1936), p. 410. 

Frichet, M., Sur Pextension de certaines Evaluations statistiques au cas dc petIts 
Echantlllons, Rev. Inst. Intern, de Statistique, 1948, p. 182. 
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Chapters 35—37. Tests of Significance, II. 


CHAPTER 35. 

General Theory of Testing Statistical Hypotheses.') 

35.1. The choice of a test of significance. — In the preliminary 
survey of problems of statistical inference given in Ch. 26, the intro¬ 
duction of a test of signihcance for a statistical hypothesis has been 
described (cf 26.2 and 26.4) in the following general terms: When it 
is required to test whether a set of sample values agree with a given 
hypothesis we consider the distribution of the sample, and calculate 
some convenient measure D ^ 0 of the deviation of this distribution 
from the hypothetical distribution. By means of the sampling distribu¬ 
tion of J), we then determine a critical value 1)^ such that, if the 
hypothesis H is true, we have F(D > Dq) = Sy where e is our level of 
signiHcance chosen in advance. When, in an actual case, we 6nd a 
deviation D > Dq, the hypothesis H is rejectedy whereas the appearance 
of a value 1) ^ Dq is regarded as consistent with the hypothesis, 
which is then accepted. 

By adopting this rule of behaviour, we have a probability equal to 
e of committing the error of rejecting in a case when, in fact, it 
is true. Since e may be arbitrarily chosen, this probability may be re¬ 
duced to any desired amount. 

The general principle thus described, which lies behind all the par¬ 
ticular tests discussed in Chs 30—31, has certainly a strong appeal 
to intuition. On the given hypothesis, the occurrence of a very large 
deviation D has a very small probability. If, in an actual case, such 
a deviation presents itself, we feel naturally inclined to consider the 
hypothesis as disproved by experience. The appearance of some devi¬ 
ation D of moderate size, on the other hand, seems to be exactly the 
kind of event that ought to be expected, if the hypothesis is true. 

However, let us examine the principle a little more closely. Assume, 
e. g., that D has a continuous distribution, with a frequency curve of 


*) Cf footnote p. 473. 




35.1 


I 

a type similar to the x’-^^i^Btribution for n > 2 (cf Fig. 19, p. 236). 
It is true that, on the hypothesis the probability of a large devia¬ 
tion, say D > Do, is small. In fact, this probability is equal to the 
area of the tail of the frequency curve situated to the right of an 
ordinate through the point Dq, and we can always determine Dq such 
that this becomes equal to any given « > 0. But it is equally true 
that the appearance of a very small deviation, say D < also has a 
small probability, since we can determine D, such that the area of the 
tail to the left of an ordinate through D| is equal to s. If we agree 
to reject H whenever D < Di, and otherwise accept, we shall thus 
still have the same probability e of rejecting IT in a case when it is 
true. — More, generally, we may in inBnitely many ways choose a set 
of points S such that, if H is true, the probability that D takes a 
value in S is P(D<5)**«. Consider, for any such S, the test which 
consists in rejecting H whenever D takes a value in S, and otherwise 
accepting. The probability of unjustly rejecting in a case when it 
is true will then always be equal to £, so that from this point of view 
the tests based on various possible sets S will all be equivalent. It is 
likely that our intuitive feeling will be in favour of the D^ test, where 
the set S is the interval of large deviations D > Dq, and definitely 
opposed to the D| test, where we reject the hypothesis precisely in 
those cases where the deviations are small. However, can we advance 
any rational arguments in support of the view that some particular 
form of the set S should be preferred to other possible forms? 

As an example, we may consider tbe y* test. In Cb. 80, we bare denoted an 
observed value of y* as significant, when it exceeds tbe p » 100 e % value y*. This 
evidently corresponds to tbe i>« test mentioned above, and tbe set S is here tbe 
interval y* > Xp* When tbe number n of d. of fr. is large, 1^2 y* may be regarded 
as normal (VSn—l, 1), and tbe same set S is then approximately represented by tbe 
interval 1^2 y* > ^2 n—l + or y* > J (V2 »—1 + where A^^ is the 2p % 

value of a normal deviate, thus making tbe area of tbe nght tail of the approximating 
normal curve equal to p/100 » e. — However, in tbe latter case it would also seem 
reasonable to take account of both tails of tbe normal curve, thus counting y* as 
significant, when 11^2y* 1^2 n—l | > A In this case, the set 8 would be composed 

of tbe two intervals y* < J (V 2 n—1 — Ap)* and y* > J (V2 fi*—1 -f Ap)*. In both cases, 
tbe probability of an unjust rejection of tbe hypothesis tested will be e. 

Further, the deviation measure D is by no means uniquely determined. 
We may, e. g., measure the goodness of fit of a hypothetical distribu¬ 
tion to a sample by y*, by oi*, etc. Similarly the deviation of a nor- 
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mal tMnple from the hjpothetit that the popnlation mean it equal to 
m may be measured e.g, by |:f —m| or by |r —m|, where £ and s 
are the mean and the median of the sample, etc. For any altematire 
deviation measure J, we may in infinitely many ways find a set of 
points *2 such that, if JET is true, we have P(i^c£)»s. The test 
which consists in rejecting H whenever ^ takes a value belonftinsr to 
2, and otherwise acceptingr, will still correspond to the g^iven prob¬ 
ability e of rejecting H when it is true. 

Obviously it will be an important problem to find some rational 
method of discriminating between the various possible tests for a given 
hypothesis. Will it be possible to assign a reasonable meaning to the 
statement that, of two tests corresponding to the same value of €, 
one is »better* or >more efficient* than the other? 

During recent years, much work has been devoted to this problem 
by J. Neyman, £. S. Pearson and their followers. The reader is referred 
to a series of fundamental papers (Bef. 170—173) by Neyman and 
Pearson, and to a general exposition of the theory by Neyman (Ref. 
168), where numerous references to the literature will be found. 

The basic idea of the Neyman-Pearson theory may be briefiy de¬ 
scribed in the following way. When a test of significance is applied 
in practice, there are in each case two possible alternatives: we may 
decide to reject or to accept the proposed hypothesis If, and then act 
according to our decision^). In either case our decision may be wrong, 
since we may reject IT in a case when, in fact, it is true, and accept 
it in a case when it is false.*) It now seems a perfectly reasonable 
principle that, in choosing a test, we should try to reduce the chances 
of committing both these kinds of errors as much as possible. 

In order that a test of the hypothesis H should be judged to be ^good», 
we should accordingly require that the test has a small probability of 
rejecting H when this hypothesis is trt^e, but a large probability of 
rejecting H when it is false. Of two tests corresponding to the same 


*) There it, of coarse, alto the third alternative that we may decide to remain in 
doabt and postpone action until further data have been collected. However, we con¬ 
sider here the case when such data are already available, and the course of action 
must be decided. 

*) This double possibility of error distinguishes the present situation from the 
one arising in the theory of estimation When we assert, e. g., that the unknown 
value of a certain parameter belongs to such and such confidence interval, our state* 
ment may be right or wrong, but there is only one way of committing an error, vis. 
by indicating an interval which, in fact, does not contain the parameter. 
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probability e of rejecting H when it is true^ we should thus prefer the 
one that gives the largest probability of rejecting H when it is false. 

We now proceed to show some applications of the general principle. 
It will be necessarj to restrict ourselves to a very brief account of 
some of the most elementary features of this important theory, which 
is still in full development. 

35.2. Simple and composite hypotheses. — Consider n random 
variables Xn, with a joint distribution in Hn of the continuous 

type, defined by a pr. f. P(/S; «) = P(S'; o,, ..., a*) of known mathema¬ 
tical form, containing h unknown parameters Oj, ..Oitt or by the 
corresponding fr. f. f{x\ a) ==/(xi, ..., Xn; or,, ...» at). 

When, in particular, the Xi are independent variables all having 
the same distribution, we have the ordinary case of a sample of n 
values from this distribution. However, as pointed out in the analogous 
case considered in 32.8 (cf also 34.3), the above definitions cover also 
more general cases, such as e. g. the case when the xt consist of 
several independent samples from possibly unequal distributions. Even 
in the general case, we shall refer to the point » = (X|, ..., Xn) and 
the space Rn as the sample point and the sample space respectively. 
— The parameters aj will be represented by the parametric point 
«r = (oi, ..., Oib) in the parametric space P*. 

Suppose now that a sample point x has been determined by a 
single performance of the random experiment corresponding to the 
combined variable (xj, . .., Xn). The hypothesis that, in the distribution 
of this variable, the unknown parametric point a belongs to a given 
set of points oi in the parametric space Pit, will be briefiy denoted as 
the hypothesis H. When co consists of one single point cto, we shall 
say that the hypothesis is simple^ and otherwise that it is composite. 
Evidently a simple hypothesis specifies the distribution completely, 
while a composite hypothesis leaves it more or less undetermined. 

Every parametric point a that is regarded as a priori possible will 
be called an admissible point, corresponding to an admissible hypothesis. 
The set 12 of all admissible points may coincide with the whole para¬ 
metric space P*, but may also form only a part of Pk- 

It the Xf are a sample of indepeodeot values from a non-siugular normal distri¬ 
bution, where no a priori information concerning the parameters m and o is available, 
the set of admissible hypotheses consists of the half-plane <r > 0. The hypothesis 
that tfi 0 and <r 1 is a simple hypothesis, while the hypothesis that m » 0, without 
specifying the value of o, is a composite hypothesis. 
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35.3. Tests of simple hypotheses. Most powerful tests. — Suppose 
that it is required to test the simple hypothesis that the unknown 
parametric point a coincides with the given point a^. A test of this 
hypothesis will consist of a rule to reject Hn whenever the observed 
point * belongs to a certain set 8 in Hn, and otherwise to accept Hq, 
The set 8 will be called the cHtical set of the test, and the test based 
on the critical set 8 will often be briefly called the test 8 . 

When the critical set 8 has been fixed, the probability of rejecting 
Ho is identical with the probability P(^; a) that the sample point 
belongs to the set 8 . This is a function of the k variables Oj. ..., a;, 
which will be called the power function of the test. According to the 
general desideratum expressed in 35.1, we should endeavour to arrange 
the test so as to render the power function small when Hq is true 
(i. e. when a coincides with «o)» large when Hq is false (i. e. when 
a is any admissible point other than Hq). 

Since the x distribution is continuous, there are always an infinity 
of different sets 8 such that P(5;ao) = fi, where e is our level of 
significance given in advance. If any of these sets is chosen as the 
critical set of a test, the probability of rejecting Hq when it is true 
will be equal to £, and we shall then briefly say that we are concerned 
with a test of level s. It is now required to find, from among all 
tests of level s, one that renders the probability of rejecting Ho when 
it is false as large as possible, i. e. one that renders the power func¬ 
tion P( 8 ] «) as large as possible for any admissible a 7 ^ Gq. 

Let < 1 ^] be a fixed admissible point aQ. Since the values of a 
fr. f. may be arbitrarily changed over a set of measure zero, we may 
always suppose that f{x\a^ and f[x\a^ are finite and determined 
for every x. For any c ^ 0, the set X of all points x such that 

(35.3.1) /(*: «i) s c/(*: «o) 

is then well determined. When c increases from 0 to «, the function 
t//(c) = P (X; «o) never increasing. Further, i//(0) = 1, and we easily 
find 0^xfj(c)^ 1/c, so that as c-> <». In order to avoid 

trivial complications, we shall assume^) that there exists a value c such 
that xp (c) == e. For the corresponding set X we then have 

‘) There always exists a value c such that vCc—0) ^ v(c -f 0) ^ 6. The excep¬ 
tional case when yf{c) does not actually assume the value e is included in the argu¬ 
ment by means of a slight modification of the definition of the set X. In fact, 
V(c—0) — v(c + 0) is the integral of /(*; O*) over the set Z of all points * such that 
the sign of equality holds in (35.3.1). By excluding from the set X a conveniently 
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4 


(35.3.2) P(X; a.) = //(*; o,) d* » e. 

Let now 5 be the critical set of. anj test of level s, so that 

(35.3.3) P[S;ao)=jf{x;at)d* = e. 

We shall then show that 

(35.3.4) P(X;a,)>P(S;a,l 

Thus, among all tests of level the test X gives the largest possible vahus 
to the probability of rejecting Hq when the alternative hypothesis that 
a = a| is true. Accordingly the test X will be called the most powerful 
test of Hq with respect to among all tests of level e. 

From (35.3.2) and (35.3.3) we obtain 

(35.3.5) P(X - SX; «o) = « ~ P(SX; a^) = P(S-SX\ Oo). 

From the definition (35.3.1) of the set X, it follows that for any x 
not belonging to X, we have cf[x\a^> f(x\a^. Hence 

(35.3.6) P(X - SX] «,) ^ cP(X - SX] a^) = 

= cP(S-SX] ao) ^ P(S-SX] a,). 

Adding P(SX] a^) to the last inequality, we obtain (35.3.4). 

It may occur that we obtain the same set X for all admissible 
points ai In such a case we shall say that, among all tests of 

level the test X is the unifm'mly most powerful test of with 
respect to the whole set Q of admissible hypotheses. — When a uni¬ 
formly most powerful test exists, it seems fairly clear that it should 
be regarded as superior to any alternative test of the same level e. 
Unfortunately, this situation occurs but very rarely. 

Consider the case when the are n sample Talnes from a distribution involving 
a single unknown parameter a, and suppose that there exists a sufficient estimate 
a* of a. By 32.4, the joint fr. f. /(3;|, ..., x„; a) can then be written In the form 
g {a*\ a) H {jXi, ... y where H is independent of a. When H>0, (36.3.1) then 
takes the form y {a* \ ^ cg \ oLq). If certain general regularity conditions are 

satisfied, the set X will thus be a domain bounded by the hypersurface g (cc* ; cxi)" 

chosen subset of Z, we may always obtain a set satisfying (36.8.2). In all points of 
this modified set X, (36.3.1) is satisfied, while in all points of the complementary set 
we have /(«; o,) ^ cf(x; Oq). This is obviously sufficient to permit the conclusion 
(36.3.0). 
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cgiiK^\ «oX equation is equivalent to a certain number of equations of tbe 

form a* = const. If, for different alternative hypotheses ctj, we always obtain the 
same individuals of the family «* = const, as bounding bypersurfaces of the set X, 
it thus follows that a uniformly most powerful test exists. However, it can be shown 
by examples (cf Neyman and Pearson, Ref. 173) that this property does not always 
hold. Thus even in this simple case we cannot, without imposing further conditions, 
assert the existence of a uniformly most powerful test. Cf further Neyman, Ref. 166, 
where the question is brought into connection with the problem of the shortest 
oonfldence intervals mentioned in 34.2. 

A still simpler case, where the above developments provide a complete solution 
of tbe problem, is the case when only two alternative hypotheses exist. The joint 
fr. f. of the x^ may then be written in the form (1—a) /i,(*)+ «where /<, and 
/i are given fr. f:s, and the admissible values of a are 0 and 1. The hypothesis 
to be tested is the hypothesis that ee = 0, i. e. the hypothesis that the observed 
sample values are drawn from a distribution with the fr. f. /,,, tbe only admissible 
aiternative being f^. We then have to find the set X of all points x such that 

/i ^ c/o, where c is determined by the condition f foix)dx — e. The test which 

X 

consi8t.s in rejecting Hq whenever the observed sample point belongs to the set X, 
and other\>ise accepting, i.s the most powerful test of level f. — This test may be 
applied e. g. to problems of the following type (cf Qnensel and Essen-Moller, Ref. 
208): Suppose that we have measured certain characters x, in two human individuals 
A and B, and that it is reciuired to test the hypothesis that A is the father of B. 
If we know the distrihutiou.s of the among the children of persons having the 
characters shown by A, and among the general population, say with fr. fis/oand/i 
respectively, the hypothesis implies that the sample values shown by B have been 
drawn from a distribution with the fr. f. /^„ the alternative being/'j. This hypothesis 
can be tested us shown above. 

A further example will be given in the following paragraph. 

35.4. Unbiased tests. — We now restrict ourselves to the case of 
a single unknown parameter u. Let the admissible values of a form 
an interval A, and sujipose that, for almost all ac = (a;j, . . ., ccn), the 
fr. f. /(x;a) has for all inner points a of -4 a partial derivative 
A -F 

;r- =/i(je;a) such that |/i (*; a) I < F(jc), where F(x) is integrable 
o ct 

over JR,i. Then by 7.3 the derivative 

(35.4.1) ff^{,-a) dx 

s 

exists for every set S in jR„ and for every a in A. 

Suppose that we are concerned with the simple hypothesis Hq that 
a = where Oq is an inner point of A, and let S denote the critical 
set of a test of level s. The power function P(S; or) is then a func- 
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tion of a, Buch that P(S\ a®) ~ some admisBible O|3^cro» 

have P(8\ aj < s, this means that m are less likely to reject Hq wheti 
the alternative hypothesis that a » is true^ than when Hq itself is 
true. Obviously this must be regarded as an unfavourable property 
of the test, which is then called a biased test. 

When, on the other hand, P(S; a) ^ s for all admissible o, the 
test and the critical set S will be said to be unbiewed. Since P(iS; Oo) ^ «, 
and the derivative (35.4.1) exists for all a in Ay it follows that we have 


(35.4.2) 




In generalization of (35.3.1), we now consider the set X of all 
points X such that 


(35.4.3) 


/(*; oj) S c/{*; o,) + Cj/, (*; a#), 


where Uo is a point of Ay and where the constants c ^ 0 and C| 
are determined so as to satisfy the conditions^) 


(35.4.4) 


P{X; oo) == //(*; oo) d* = «, 

X 



Oo) dx = 0. 


For the critical set S of any unbiased test of level s, we then have 
the relation (35.3.5), and from (35.4.2) and (35.4.4) obtain the ana¬ 
logous relation 

( dP{X- SX;a) \ _ _ ( dP(8X;a) \ ^ / dP(8-8X;a) \ 

\ /o \ /o \ h 

In a similar way as in 35.3 we then obtain 

P(X; a,) ^ P(8; a,). 

It may occur that we obtain the same set X for all admissible 
pV)ints tA Oq. In such a case it follows that the test X is unbiaaed 

*) By a •imilar argoment as in the caae of (86.8.2), we can show that this is 
always possible, except in certain exceptional cases, where we hare to modify the defini¬ 
tion of the sev X in the same way as Indicated in the footnote p. 629, i. e. by excluding 
from X a certain sobset of the set Z of all points » such that the sign of equality 
bolds in (36.4.8). 
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and gives, among all unbiased tests, the largest possible value to the 
probability of rejecting Hq when any alternative hypothesis o = a, is 
true*). The test X will then be called the most powerful unbiased test 
of Ho, 


Consider the case of a sample of n values .from a normal distribution 

with a known s. d. a, and an unknown mean m, and let it be required to test the 
hypothesis that m = wio. We shall first try to find the conditions for the exist¬ 
ence of a uniformly most powerful test, corresponding to a given level e. For any 
m, mo the relation (36.3.1) takes the form 


(35.4.6) 


/(*; m„) * 

MX - 

~ e * ^ r, 


where M Vn (m, — A = Vn (.r ~ Suppose first that m, 

have M> 0, and if we take 


> Wo. We then 


where p = lOOf and Aap is the 2p % value of a normal deviate, the inequality (36.4.6) 
will be satisfied in the set X of all points x = xn) such that A > Aap, or 

X ^ Wo + Aap aiVn. Evidently this set is independent of m,, and the probability 
that X belongs to the set X, on the hypothesis Hq, is equal to p/100 ~ e, so that the 
condition (36.3.2) is satisfied. Thus the test based on the critical set X, which con¬ 
sists in rejecting Hq whenever x ^ Wy + hp o/Vn, is a uniformly mo9tpou)erful feat 
of Hq with respect to the set of all alternative hypotheses such that w^ > Wo. 

For all W} < Wq, we obtain in the same way the uniformly most powerful test 
based on the critical set X defined by x ^ Wq -* A 2 p o/Vn. However, as soon as the 
set of admissible alternatives includes values of m both to the right and to the left 
of the point Wo, we no longer obtain the same set X for all admissible m,. li 
follows that in this case no uniformly most powerful test exists. 

Consider the power function of the test based on the critical set x ^ w^ + 
^TpOlVn. The power function is equal to the probability that the sample point be¬ 
longs to this set, when the true mean is m, which is 1 — (z), where z = hip -f 

^^{mo — m)la. This probability steadily increases with w, and for w — Wo takes 
the value e. For m > Wq the power function is thus > e, so that we have a prob¬ 
ability > s of rejecting Hq as soon as the true mean exceeds m^. When m < Wq, on 
the other hand, the power function is < e, which means that the test is biased. 
The corresponding properties hold, of course, for the test based on the set x ^ — 

Aap alVn. 

We now proceed to consider the best unbiased test, using the same level p^iOO 
as before. The condition (86.4.8) takes here the form 

_ e * ^ c + c, A, 

') This is a slight modification of a proposition due to Neyman and Pearson 
(Ref. 172). 
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where c\ » Cj We mey always choose c and Cx anch that the aign of equality 

holds here when A » ± Ap, and the set X will then consist of all points at such that 
I AI ^ Ap, or IX — mo I ^ Ap a/Vn. This set eyidently satisfies both conditions (96.4,4). 
Thu$ the ordinary test which consists in rejecting Jffo whenever the absolute deviation 
exceeds XpciVn is the most powerful unbiased fesf of Hq, 

The power function of this test is equal to d> iz') + 1 — (P (0> where z '« 
- Ap 4- /n (iHo — m)/ z" *» Ap + Vw (mq --m)lo, while m is the true mean. It 
is easily seen that this function attains its minimum for m «= mo, when it is equal 
to t. For m mg, the power function always exceeds £, and tends to 1 as m-** ± 
According to the above, the graph of this power function lies entirely above the 
corresponding grap of any other unbia sed test. The power function of the preceding 
test based on x ^ + Aipo/V^ is greater than the present power function tor m> my, 

hut falls below it for m < and even tends to aero as m-« — oo. 

In the ordinary tests based on the use of standard errors (cf 81.1), we assume 
that the variable z under investigation may, with a practically sufficient approxima¬ 
tion, be regarded as normally distributed with a known s. d. d{z). If, on the basis 
of one observed value of z, we are testing the hypothesis that the mean E (r) has 
some specified value Zo> if the circumstances of the problem permit ns to restrict 
the set of admissible alternatives e. g. to the domain E{z) ^ Zq, the above shows 
that we should certainly use the test which consists in rejecting the hypothesis (on 
the 100 f ~p % level) when r ^ + A 2 p<f(r). This situation will sometimes occur 

in practice, e. g. when we are concerned with data relative to the effect of some 
metliod that will be very unlikely to impair, but may possibly improve, the quality 
of the thing produced. If, on the other band, we are not prepared to introduce a 
priori a restriction of this >»one-sided» type, we should use the ordinary test based 
on the absolute deviation j r — |. 


35.5. Tests of composite hypotheses. — As we proceed from simple 
to composite hypotheses, the theory becomes considerably more compli¬ 
cated, and we shall have to restrict ourselves to some brief remarks, 
referrinjr for further information to the original papers quoted in 
35.1. 

Using the general notations introduced in 35.2, we consider the 
hypothesis H that the unknown parametric point a belongs to a given 
set (0 which is a subset of the set f2 of all admissible points. As in 
the case of a simple hypothesis, a test of Ji will consist of a rule to 
reject If whenever the observed sample point x belongs to a certain 
critical set S, and otherwise to accept H. According to the general 
desideratum of 35.1, we should try to find S so as to render the 
power function P(S\ a) small when a belongs to cu, and large when 
a belongs to the set £2 — co of admissible alternatives. 

In some cases it is possible to find a set 5 and even a family 
of sets — such that P(5; «) is constantly equal to any given level e 
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• 

for all a in w. We shall then say that S is similar to the sample 
space^) with respect to the set oi. The test S, i. e. the test based on 
the critical set S, then always gives the probability b for committing 
the error of rejecting IT in a case when it is true, whatever be the 
value of a in oi, and we accordingly say that the test is of level b. 

Suppose now that it is possible to find a test X of level b such 
that, for any a belonging to Q — o) and for any test S of level £, we 
have P(X; ^ P(5; a). In analogy with 35.3 we shall then say that, 
among all tests of level £, the test X is the uniformly most powerful 
test of H with respect to the set 12 — a> of alternative hypotheses. 

Similarly, if, for a test S of level b, we have P(iS; a) ^ €.for all 
admissible a, the test will be called unbiased. A most potverful un¬ 
biased test is a test X of level £, such that P(X; a) ^ F(S; a) for 
any a belonging to 12 — and for any unbiased test S of level b. 

The general conditions under which these classes of tests exist, 
and the methods by which they may be found, are still very incom¬ 
pletely known. We shall only give some simple examples without 
proofs. 

Consider n sample values Xi,...,xn from a normal distribution with unknown 
parameters m and o. Let it be required to test the hypothesis that m ~ Wo* without 
specifying the value of or. In the (m, o)'plane, the set of all admissible hy¬ 
potheses is (cf 35.2) the half-plane o > 0, while the set o> consists of that part of 
the line nt ^ mg that belongs to o > 0. 

Let T denote any set of real numbers such that J* Bn~i(()dt = e, where Sn -i (t) 

r 

is the fr. f. of Student’s ratio f = 1 — m^l and let denote the set of all 

paints X in An such that the corresponding ratio t belongs to the set T. Then for 
any a we have P{S\ Wg, or) — P{t<. T) = e, and it follows that the set S is similar 
to the sample space with respect to the given set o>. 

If the set £2- - (o of admissible alternatives is restricted to cases with m > Wg, and 
if we choose for the set of all * such that t > t2p, where p = 100 s, it can be 
shown (cf the papers quoted in 35.1) that the test S is uniformly most powerful. 
Similarly, with respect to any alternatives m < ?Wo, the test based on the set t<—t2p 
is uniformly most powerful. If the admissible alternatives include values of vi both 
to the right and to the left of the point iMg, no uniformly most powerful test exists, 
but the test which consists in rejecting H whenever | f | > fp is the most powerful 
unbiased test of level £. All this is analogous to the results proved in 35.4 for the 
case when rr is known. 

The case of the difference between the means of tw’o normal distributions has 
been investigated from the power function standpoint by Welch and Hsu (Ref. 229, 127). 


*) The introdnetion of this expression is due to the fact that the set S ~ Rn 
satisfies the condition with e » 1. 
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It appears from their works that the test | m | > fp used in 31.2 and 81.3, Ex. 4, is 
only a satisfactory test of the hypothesis nii ■■ mg on the condition that it is known 
that Cl » <Tg. If the admissible hypotheses include cases with Ui tfg, the test may 
be serionsly biased. 


CHAPTER 36. 

Analysis op Variance. 

36.1. Variability of mean values. — The analysis of variance is a 
statistical technique introduced by B. A. Fisher (Ref. 13, 14) in con¬ 
nection with certain experimental designs applied in various branches 
of biological research work, especially in agriculture. The domain of 
applicability of this technique is, however, much wider, and it has 
already been successfully applied in many branches of experimental 
work. 

Suppose that an experiment has furnished the observed values 
cTi, . . ., of certain variables, and that these can be regarded as 
independently drawn from normal distributions with a constant, though 
unknown s. d. a. The means mt of the distributions, on the other hand, 
may vary with certain factors entering into the experiment, such as 
different methods of treatment, different varieties of plants or animals, 
soil heterogeneity, etc. It is the purpose of the experiment to in¬ 
vestigate this variability of the means, and it may thus be required to 
test various hypotheses bearing on these quantities, such as the null 
hypothesis (cf 26.4) that differences in treatment or variety have no in¬ 
fluence on the means, etc. It may, of course, also be required to find 
estimates of certain means or functions of the means. 

On the general null hypothesis that all the Xi have the same mean, 
we know that the sum 21(a:< —:f)* of squared deviations from the 
sample mean, divided by the appropriate number of degrees of freedom 
(viz. w — 1), provides an unbiased estimate of the unknown variance o*. 
The basic idea of the analysis of variance consists in dividing up this 
sum of squares into several components, each corresponding to a real 
or suspected source of variation in the means. These components are 
arranged so as to provide tests for various hypotheses concerning the 
behaviour of the means, and estimates of various functions of the 
means in which we may be interested. 

In the next paragraph, we shall make a detailed study of the 
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method in a simple particular case, and then proceed to more general 
cases. 

36.2* Simple grouping of variables. — Consider the simple case 
when the observed variables are arranged in r groups, the t:th group 
containing nt variables, all of which are assumed to be normal (mu a), 
where a isindependent of i. It is required to investigate the properties 
of the mu and in the first place to test the null hypothesis that all 
the mi are equal, i. e. that there are no differences between the distribu¬ 
tions of the groups. — In the particular case r = 2, this problem 
reduces to the problem of the difference between two mean values 
already discussed in 31.2 and 34.4. 

Let Xij denote the j:ih variable in the i:th group, while 

1 

XL = --^Xij is the arithmetic mean of the variables in the i:th 

1 r "< j r 

group, and x = y, ~ is the arithmetic mean of all 

n ^ ^ n ^ 

i=l i=*I 

r 

II = 2 variables. We then have the identity 

2 («< j —*)*=2 

r 

where the sum is in each case extended over all n = 2 variables. 

1 

Thus the total sum of squared deviations from the general mean 3t 
is the sum of two components, viz. 1) the sum of squared deviations 
of each variable from the corresponding group mean {»8um of squares 
within groups*), and 2) the sum of squared deviations of group means 
from the general mean (»sum of squares between groups*). This 
identity bears an evident resemblance to the identity (21.9.1) used for 
the definition of the correlation ratio. 

Rewriting the same identity in a more explicit notation, and at 
the same time changing the order of the terms in the second member, 
we obtain 

(36.2.1) 2 2 “ *)* = 2 “ *)* + 2 2 ~ 

I=sl Jz=l ?asl 1*1 j*l 

or briefly 

Then and are quadratic forms in the Xij, and we know (cf 
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« 

11.11 and 29.3) that Q may be orthogronally transformed into the form 

n-l 

2 yi, and consequently has the rank ^ 1. Further, Qi is the sum 

1 

of the squares of r linear forms Li=^Vni(xi,’—x) satisfying^ the 

r 

identity so that by 11.6 the rank of is 1. 

1 

Similarly Qt is the sum of the squares of linear forms £i-. 

satisfying^ the r independent relations ^Lij = 0, («= 1, . . r), so 

j^i 

that the rank of is ^n — r. Now by 11.6 the rank of Q is at 
most equal to the sum of the ranks of Qi and Q,, and it thus follows 
that the latter are exactly r—1 and w — r respectively, so that we 
have the following rank relation corresponding to (36.2.1): 

n — l=r — 1 + n — r. 

Hence we conclude by 11.11 that there exists an orthogonal trans¬ 
formation replacing the n variables xij by new variables . . ., yn, 
such that the three terms of (36.2.1) are transformed into the cor¬ 
responding terms of the relation 

n~l r-l n-l 

2 y’ ~ 2 S'* 2 S'*' 

1 1 r 

By hypothesis, the Xij are independent and normally distributed with 
a common s. d. a, and consequently by 24.4 (cf also Ex. 16, p. 319) 
the same holds true for the y,. Thus Qy and are independent. 

Let us now first assume that the null hypothesis is true, i. e. that 
nii = m for all i. Writing Xij == m + ?s./ independent and 

normal (0. o). Introducing this transformation into Q, Qy and and 
denoting by and | the arithmetic means corresponding to and 
x, the three forms are transformed into the identical expressions with 
the letter x throughout replaced by 5* The above orthogonal trans¬ 
formation replaces the by new variables . . ., ij«, which are in¬ 
dependent and normal (0, a). Q, Qy and are hereby transformed 

n-l r-l n-l 

into 2 2 2 respectively- By 18-1 we then find that 

1 1 r 

Q/a^y Qyld^ and are distributed in ;^* distribution8 with /i — 1, 

r — 1 and n — r d. of fr. respectively. Writing 
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** H - 1 ^ ■ n - 1 2 2 *)‘> 

f-1 i=l 

«! =;rirj = ;r:^ 2 ”* ~ 




dr? 2 2 

1=1 i=l 


thus have 


£:(0 = £?W) = f?W) = cT*. 


The variance ratio = s]ls\ may be written 



r 


Since the rjt are independent and normal (0, a), the variable e has the 
distribution due to R. A. Fisher, defined by the fr. f. (18.3.5), where 
m and n have to be replaced by r — 1 and n — r respectively. In 
particular the mean and the s. d. of are given by (18.3.4). Tables 
of significance limits for and z, for various values of the signi¬ 
ficance level p/100, are available (Fisher, Ref. 13; Fisher-Yates, 
Ref. 262; Snedecor, Ref. 35; Bonnier-Tedin, Ref. 8). The *e test* 
introduced by Fisher consists in rejecting the null hypothesis, on the 
p % level, whenever \^\'>Sp, where Zp is determined so as to render 

P(|.^| > ^p) = € = p/100. 

The null hypothesis is evidently a composite hypothesis (cf 35.2) 
concerning the parameters . . ., tUr and a, viz. the hypothesis that 
the mi are all equal to an unspecified value m. Whatever the values 
of m and cr, the probability of rejecting the null hypothesis when it 
is true is P(|^ | > iSp) = s. Thus the critical set corresponding to 
the z test is similar to the sample space, and the test is of level £, 
according to the definition of 35.5. 

It is customary to arrange the numerical values in a table of the 
following type: 
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Variation 

Degrees of 
freedom 

8nm of squares 

Mean square 

Between groups . . 

r - 1 

4), = 2 n^iSTf -flP)* 

s] = QAr - 1) 

Within groups .'. 

n — r 

<?,= i 

<=ij = i 

«* = QtKn - r) 

Total. 

n — 1 

Q=i -J)’ 

»• = QKn - 1 ) 


Each of the three items under »Mean square > gives, on the null hypo- 
thesis, an unbiased estimate of the population variance a*, and the z 
test may be regarded as a test of the compatibility of the independent 
estimates given by ^7 and si. 

We next proceed to consider the case when the null hypothesis is 
not true, i. e. when the group means mi are not all equal. Writings 
X(j ^ mi -h the Sij are independent and normal (0, a), and we have 


(x,-, — .t)* = (1^ — D* 4 2 {mi — m) — |) f (m* — m)*, 
{Xij — Xif = (f/j — I/.)*, 


1 

where |i. and | are defined as above, while m = - ^ 7u mi. 

n ^ 


Introducing^ 


these expressions into Qi and ^^st place that 

has the same distribution as in the case when the null hypothesis ia 
true. We further obtain (cf Irwin, Bef. 133) 


E («?) = E ^-2'j Cl) = <»’ + ““Y 2 

or 

E w -»’))=^ 2 ~ 

The second member may be regarded as a measure of the variationi 
among the unknown group means mi. The quantity (r — l)($l — sl)/fty 
which may be calculated from our data, thus gives an unbiased estimate 
of this measure. 
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« 

Finallj, for any giren i j the rariable f<. — Si, i« normal 


Writing 


[mt — Wi, aV(ti{ + nj)l(fnnj)]. 

£/. — % = (£f. — £) — {£i, — x), 


and observing that the above orthogonal substitution replacing the 
X(j by the yt changes every — x into a linear combination of 
• • M yri further see that £$, ■— % is independent of Q^, It 
follows that the variable 



ntfij 
lU -f ftj 


Ti. — Xj. — (m< — mj) 


has Student’s distribution with n — r d. of fr. Working on a p % 
level, we thus obtain (cf 34.4) the confidence limits 

(36.2.2) f,. - ij. ± 


for the difference between the two unknown group means. In 

the particular case when there are only two groups (r 2), these limits 
are identical with the confidence limits given by (34.4.5). (Note the 
difference in notation with respect to S|i) When r > 2 we may, of 
course, also apply (34.4.5) to obtain confidence limits for mt — nij based 
only on the observations belonging to the groups i and y. However, 
tp will then only have — 2 d. of fr., so that (36.2.2) with its 

71'—r d. of fr. will generally yield a smaller value of tp, i. e. a 
shorter confidence interval, for the same value of p. 

When the null hypothesis is true, the power function (cf 35.3 and 
35.5) of the r test assumes the value e. The behaviour of the power 
function when the null hypothesis is not true has been investigated 
by Tang (Ref. 224), who has published tables for the numerical cal¬ 
culation of the function. These tables apply also to the more general 
cases considered in the following paragraphs. 

The j Mt n random variablea, the joint distribntion of which inyolves the r -f 1 
nnknown parameters m|,.. ., m,. and c*. The joint fr. f. of the n yariables is 


/- 


1 


1 




r 
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The problem of estimating the parameters by means of a sample consisting of one 
observed value of each x^j is a case of the generalised estimation problem considered 
in 82.8. The relations E{x^) » and £(st) show that the quantities 
and al are unbiased estimates of the parameters. By means of the relation (32.4.1), 
duly generalized in the sense of 82.6—32.8, we find that these quantities are also 
joint sufficient estimates. Further, by some calculation it w'ill be found that the 

n — T 

joint efficiency of these estimates is -- 

n 

36.3. Generalixation.^) — The preceding developments may be genera¬ 
lized to cases when the observed variables are arranged in a more 
complicated system of groups and subgroups of various orders. Gener¬ 
ally the variables will then be affected with two or even a greater 
number of subscripts, but for our present purpose it will be sufficient 
to retain the simple notation Xi, . . Xn of 36.1 for the variables. 
As before we suppose that the Xi are independent, and that Xi is nor¬ 
mal (mi, a), where a does not depend on i. 

For any grouping system used in a particular problem, we may 
then consider sums of squared deviations more or less analogous to 
the sums Qi and of the preceding paragraph, and it will often be 

possible to obtain in this way a relation of the same type as (36.2.1); 

(36.3.1) 

1 

where the Qv are sums of squares of certain linear forms in the Xi, 
such that we have the corresponding rank relation 

w — 1 == ri + r, H- • • • -f n-, 

being the rank of the quadratic form As in the preceding 
paragraph it then follows from 11.11 that there exists an orthogonal 
transformation changing Qi, . . ., Qk into sums of respectively r^,..., rib 
squares such that no two Qv contain a common variable The 
yi being independent, it follows that are independent. 

Suppose now that it is required to test the hypothesis H that the 
unknown means satisfy certain linear equations. It will then often 
be possible to arrange the decomposition (36.3.1) of the total sum of 
squares in such a way that^ if the hypothesis H is true, then two of 

') I have here made use of an unpublished manuscript kindly placed at my dis¬ 
posal by fll. kand. H. Andersson. For a discnssion of the theory from similar, but 
more general points of view, cf Kolodziejcayk, Ret. 140 a, and Tang, Ref. 224. 
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the forms say Qi and Q,, will reduce to sero when all Xi are re¬ 
placed by the corresponding tm. Thus in the case considered in the 
preceding paragraph, the hypothesis tested is eti ar »... a mr, where 
the nti are the group means, and if this hypothesis is true, it is readily 
seen that Qj and Qg as defined by (36.2.1) both reduce to sero when 
the variables are replaced by their mean values. 

Assuming that If is true, and that the decomposition has been 
arranged according to the above, we substitute » m< + into 
and Q,. When a non-negative quadratic form q{xi, . . .,Xn) is equal 
to zero in a point (nii, . . ., nt^), it. is easily seen that all derivatives 

must also vanish in the same point. Thus we obtain identically 

^v(xiy . . ,y Xn) = • • •> Sn) for r — 1 and 2. The above orthogonal 

transformation will then change Qi into a sum of squares ^ 17 K 

1 

where the rji are independent and normal (0, o), and similarly for Q^. 
Thus on the hypothesis H the variables Qi and Q, are independent 
and distributed in x**<ii8tribution8 of r, and r, d. of fr. respectively. 
Introducing the mean squares 

Qilrv 

and the variance ratio 

it then follows that E { 5 ?) = E (^i) = o*, while ^ has Fisher’s distrlbu^ 
tion given in 18,3. Thus the e test may be used to test the hypo¬ 
thesis H. 

When the hypothesis H is not true, we may deduce similar results 
as in the preceding paragraph. 

36.4. Randomized blocks. — We now proceed to show the applica¬ 
tion of the above theory to some cases of great practical importance. 
We shall use a terminology referring to the agricultural applications, 
but the same experimental designs may be used in many branches of 
research work, in biology and elsewhere. 

Consider an agricultural experiment where we want to compare 
the effects of r different fertilizing treatments on the crop yield of 
some cereal. We then lay out s blocks of equal size on a piece of 
land. Each block is divided into r equal plots, among which the r 
different treatments are randomly distributed. Thus each block con- 
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f 

tains one plot of each treatment, and for each particular treatment 
we have s different plots. 

Let Xij denote the weight of the crop from the plot receiving the 
t:th treatment and belonging to the j:tb block. We assume that the 
Xij are independent and normal (niiji a), and write 

j«l i-1 i-l 

Thus xr. and xj are the sample means for the t:th treatment and the 
^‘:th block respectively, while x is the general sample mean. — The 
identity 

2 2 “^)‘=«2 

(36.4.1) • r * 

^ 2 "^2 2 

i»i ^*1 j=-i 

= Cl + + Qnr 

and the corresponding rank relation 

r^—l=rsr*—I -f 5—1 -f (r—1)(5 —1) 

are then easily verified. Hence we infer by the preceding paragraph 
that Q], and are independent. 

Qi and Qf are known as the sums of squares due to variation 
»between treatments* and »between blocks* respectively, while for 
reasons that will appear below is usually denoted as the *8um of 
squares due to error*. The numerical values may be arranged in 
tabular form in the same way as shown in 36.2. 

The variation in the mean values will be due to soil hetero¬ 
geneity and to differences in treatment. Owing to the random ar¬ 
rangement of the treatments in each block, we may assume that the 
effects of soil heterogeneity within each block are included in the 
random part of the Xij. Any difference between two niij belonging 
to the same block is then due to treatment, and we assume that 
mij ^fi + bj, where ft only depends on the fertilizing treatment, while 
bj only depends on the block. We shall briefly call ft the * treatment 
effect*, and bj the *block effect*. — Under these assumptions, it will 
be seen that Qg reduces to zero when the Xij are replaced by their 
means, so that Qg/<^ has a ^' distribution with (r — 1)(5 — 1) d. of fr. 
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Consequently the mean square ^1= QJ(r— l)(s — 1) gives an unbiased 
estimate of a’, which explains the above terminology. 

We now want to test the hypothesis H that there are no differ¬ 
ences between the fertilizing treatments. If H is true, we may take 
fi = 0 for all t, so that m, < == bj will only depend on the block number 
j. In this case, both Qi and reduce to zero when the Xtj are re¬ 
placed by their means. Introducing the mean square 
we may thus according to the preceding paragraph test H by applying 
the z test to the variance ratio = s^/si. 

When the hypothesis H is not true, it is shown as in 36.2 that 


the quantity 


r- 1 
rs 


(s\ — aJ) gives an unbiased estimate of the variance 


1 

— 2 (/< ■“ /)* ainong the unknown treatment effects. Further, for any 
^ 1 

given t j we obtain the confidence limits 


Xi. — Xj, ± tp Aj, 



for the unknown difference f{ between the effects of the rth and 
^’:th treatments. Here tp is to be taken with (r — 1 )(a — 1 ) d. of fr. 

In a case where we have had to reject the hypothesis H, we may 
be interested in testing the further hypothesis that the inequality 
between the treatments is wholly due to one particular treatment, say 
the one corresponding to t = 1, while there are no differences bet¬ 
ween the others. If is true, we may take/g = ■ • =/r = 0, while /, 
is possibly different from zero. 

Let denote the pooled sample mean for the treatments 

2 , . . ., r: 

1 ' • 

The sum of squares »between treatments^ appearing in (36.4.1) 
may then be further decomposed according to the identity 

<>1 = (:ri. — (j . .. rl)* + « 2 ~ 12 ■ 

1=2 

= Q\ + Qu 

which gives the rank relation 

r—1=-1 + r —2. 
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r 

Q'l and Qi may be regarded as the sums of squares »between group 

1 and the pooled groups 2, . . r>, and »between groups 2, . . r» 

respectirelj. Introducing this expression into (36.4.1) we find that, if 
the hypothesis iJ} is true, both Qi and Qg reduce to zero when the 
Xij are replaced by their means. Introducing the mean square 
s','* = Qi/(r — 2 ), we may thus test Ifi by applying tte s test to the 
variance ratio c** = s'i'VsJ. For the unknown treatment effect/,, we 
obtain the confidence limits 

ifl. — ^.(2 . . .r) ± 

where as before tp has ()— l)(s — 1 ) d. of fr. 

Further hypotheses of a similar kind concerning the properties of 
the treatment effects may be tested by analogous methods. The re* 
quisite identities will as a rule be easily found. 

36.5. Latin squares. — By the method of randomized blocks, we 
try to eliminate the effects of soil heterogeneity, so as to realize an 
unbiased comparison between the treatments (or varieties etc., as the 
case may be) dealt with in the experiment. An even more complete 
elimination is usually obtained by the method of Latin squares. 

Consider r* plots arranged in a square, and let r different fertili¬ 
zing treatments be applied to these plots in such a way that each 
treatment occurs once in each row, and also once in each column. 
Among the numerous possible arrangements satisfying these conditions, 
which are known as Latin squares^), we suppose that one has been 
chosen at random for the experiment. Denote by Xij the weight of 
the crop from the plot in the t:th row and the y:th column, and let 
Xi, and be the row and column means, while Xh is the mean for 
the plots receiving the /i:th treatment, and x is the general mean. In 
this case we have the identity 

2 2 ~ = »• 2 + >■ 2 ^ 2 ~ 

t j h I j 

+ 22 ~ ~ ~ + 2 ty 

== Qi + Qt + Qs + Qti 

where all sums are extended from 1 to r, while in each term of <^4 

') Tables of such arrangements are given in Fisher-Yates, Kef. 262. 
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the subscript h should correspond to the treatment applied to the 
plot The rank relation is here 

r*~l==r~l -h r~l -f r—l + (r-l)(r- 2 ). 

We now assume that the mean value =-consists of one 

»treatment effect^ fh and another part due to soil heterogeneity, the 
latter being composed of a »row effect» r, and a »column effect* Cj. 
We then have mij=^fh + n 4- Cj, and as before we find that has a 
;if*-di 8 tribution with (r--l)(r-- 2 ) d. of fr., so that the mean square 
= ^ 4 /( 1 * — l)(r — 2 ) gives an unbiased estimate of the common va¬ 
riance a* of the xtj. The tabular arrangement of the data here takes 
the following form: 


Variation 

Degrees of 
freedom 

Sam of 
squares 

Mean square 

Between treatments .... 

r- 1 

<?i 

»? = QAr - 1) 

Between rows. 

r - 1 

v. 

9l = QtKr - 1) 

Between columns. 

r- 1 

Q, 

»* == QAr - 1) 

Error. 

1 

1 

_ <?. . . 

s] « QAr - l)(r - 2 ) 

Total. 

r*- 1 

Q 



The hypothesis that there is no difference between ‘the fertilizing 
treatments may be tested by applying the r test to the variance ratio 
^*=ss\l8l. In a case where this hypothesis has been rejected, we may 
estimate the variance among the treatment effects, and the difference 
between any two treatment effects, by the same methods as in the 
preceding paragraph. Further hypotheses concerning the properties of 
the fh may also be tested in the same way. 

We have here only been concerned with the simplest cases of the 
analysis of variance. For further information on the theory of ex¬ 
perimental designs, and for the generalization to the simultaneous 
analysis of several variables (»analysis of covariance*), we refer to 
books by E. A. Fisher (Bef. 13, 14), Snedecor (Ref. 35) and Bonnier- 
Tedin (Ref. 8 ). 
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CHAPTER 37. 

Some Regression Problems. 

37.1. Problems involving non-random variables. — In practical 
applications, we very often encounter problems where we are concerned 
with a random variable y, which depends on a certain number of 
non'random variables Xn- In economic and social statistics, the 

values of the Xi will then as a rule simply occur as given non>random 
quantities in our statistical data. In experimental work, on the other 
hand, the values of the Xi may often be arbitrarily chosen by the ex¬ 
perimenter. In both cases, the Xi will play the r61e of variable para¬ 
meters entering; into the distribution of y, and our statistical data 
will consist of a set of observed values of y, each corresponding to 
known values of the a:,. Besides the known parameters Xi, the y distri¬ 
bution may, of course, also contain certain unknown parameters. 

Suppose, e. g., that we are investigating the relations between the 
quantity y of a coinriiodity A consumed in a given market, and the 
prices arj, . . ., Xa of A itself and a certain number of other commodities. 
It may possibly seem legitimate to regard y as a random variable 
with a distribution determined by the prices x^, . . ., Xn, while the 
procedure by which the latter are generated will perhaps not seem 
to resemble a random experiment. The Xi will then simply have to 
be taken as given quantities appearing in our data. 

Suppose, on the other hand, that we are concerned with the in¬ 
fluence upon the output y in a certain factory exerted by the quality 
of raw materials and the technical process employed, as characterized 
by the variables x^, , . .,Xn. We may then deliberately choose various 
systems of values of the Xiy and observe the corresponding values of y. 
As before, y will here be regarded as a random variable, the distri¬ 
bution of which contains the Xi as parameters. 

The theory of mean square regression developed in Chs 21 and 23 
holds, with due modifications, even in the present case. Further, in 
the case when the dependent variable y is normally distributed with 
a mean value which is a linear function of the variables xu it has 
been shown by Fisher (Ref. 92, 97) and Bartlett (Ref. 54) that certain 
regression coefficients have sampling distributions analogous to those 
deduced in 29.8 and 29.12, which may form the basis of tests of 
significance in a similar way as shown in 31.3, £x. 6—7. — Some 
of the results due to these authors will be discussed in 37.2—37.3. 
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37.2. Simple regression. — A sample consisting of n observed 
pairs of values (a?,, yj, . . (xn, Pn) is given. For the sample moments, 
we use the ordinary notations rr, y, etc. introduced by (27.1.6) and 
(27.1.7). However, we suppose now that a: is a non-random variable 
while, for every fixed x, the random variable y is normally distributed, 
with the mean o + /?(a: —and the s. d. o, where a, /? and o are 
unknown parameters not involving x. Thus the sample moments 
only involving the Xu such as x, m^Q = «?, etc., are not to be considered 
as random variables, but simply as given constants. On the other 
hand, all quantities depending on the y^, such as y, mo, ^ ^ 2 , = rsi 

etc., are random variables. The pt are supposed to be independent. 

The maximum likelihood estimates (cf 33.2) of o, ^ and a are found 
by minimizing the joint fr. f. of the yj, which is 

^ -5^ S [W-.-/JIX,-*)■.* 

It will be found that the estimates of a and are the values of these 
parameters that render the sum of squares occurring in the exponent 
as small as possible. Hence we obtain the estimates 

_. _ a. _ S(a:< — x)(yi — y) _ m„ 

« - y, /? - —2 If ’ 

while the maximum likelihood estimate of a is given by 

! 2 t-V' - = *5(1” 

n 

1 

As linear functions of the y,. the variables a* and are both nor 
mally distributed, and we obtain 

E (a*) = a, D* (a*) = aVw, 

£:(/?*)=/?, D*{n-oV(s]n). 


We further have the identity 

<37.2.1) = 

1 

= 2 fl'' ~ ~ " (“’ ~ W (/»* — (if- 
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The variables i;,, . . i?n, where 

1^ = y,. — a — ^(Xi — ±), 

are independent and normal (0, a), and the two linear forms 

Cl = («*—«) = ]^ 2 ’?'• 

V 

c,=s, v“w (/j* —/s) = —^ 2 ~ 

obviously satisfy the orthog^onality conditions (11.9.1). Writing^ the 
identity (37.2.1) in the form 


we may thus apply Fisher's lemma (cf 29.2), and find that n*, and 
a* are independent, and that is distributed like n — 2 

d. of fr. Consequently by 18.2 the variables 

— 2 -—“ and Vh — 2 -—^ 

0 o 

have Student’s distribution with n — 2 d. of fr. With respect to the 
regression coefficient /?*, this result is formally identical with the result 
already obtained (cf 29.8.4) for the case when both variables are 
random, and the joint distribution is normal. 

Since 5^, a*, /?* and a* are all known, we may use this result to 
test any hypothetical values of o and /?, and to deduce confidence 
limits for these parameters, in the same way as shown for the mean 
of an ordinary normal distribution in 31.2 and 34.4. In particular 
we find that the regression coefficient differs significantly from zero 

t (j* 

on the p % level of significance, if \p*\ > -~==, where tp is taken 

5, V n — 2 

with w — 2 d. of fr. 

We may finally be interested in estimating the unknown ordinate 

y-a + ^{X-x) 

of the regression line in any given point X. It will be found that 
the variable 
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has Student’s distribution with n — 2 d. of fr., so that the p % con¬ 
fidence limits for 1" are 

(37.2,2) .• + ^ (X - i) ± i,Y 1 + (t-i)'. 

37.3. Multiple regression. — We now proceed to the case of a 
random variable y, the mean of which is a linear function of k non- 
random variables x,, . . a;*. Suppose that a sample of n independently 

observed points (y,., is given, where v == 1, 2, . . w. For 

the sample moments, we use the notations introduced in 27.1 and 
29.9, writing e. g. in accordance with (29.9.2) 

1 

li j — Xi) {Xjv ./j), (t ,^), 

and further, regarding y as a variable Xq, 

1 

/oj = “ 2 (y*' 

♦--1 

By L and L, j we denote the determinant 

L= . 

hi . . . hi- 

and its cofactors. We shall assume that L ^ 0. 

Suppose now that, for any fixed values of rUj, . . ., x*, the random 
variable y is normally distributed, with the mean 

(37.3.1) E(y) = a + (x, ^c,) + • • + (x* — 

and the s. d. a. The maximum likelihood estimates a* and 
(t = 1, . . k) are found to be the values of a and the fit that render 
the sum 

n 

2 ,[y* ■“ o — /?! (a:i. — X,)-(?* (xt . — it)]* 
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as small as possible. Hence we obtain the estimates 

1 * 

(37.3.2) a* = y, U = 1, • • 

while the maximum likelihood estimate of a is given by 

(37.3.3) ff**- 2 [y,-a*-^r(a:i.—X,)- 

n ^ 

»=i 

where .Vu.i 2 ...ji‘ is the sample value of the residual variance (cf 23.3 
and 29.12) of y with respect to ar,, . . a:*. We shall suppose that 

this is positive, which means that the observed values of y cannot be 
exactly represented by a linear function of the xi. 

As linear functions of the the variables a* and /?? are normally 
distributed. By some calculation, we find the following mean values 
and second order central moments: 

.£(«*) = «, 

(37.3.4) E (a* - o)‘ = -, E [(o* - a) - /?,)] = 0, 

11 

£[(/??-/?,) (/??-A)]=-^-^. 

where 7 = 1 , . . ., k. Hence we obtain in particular by (23.3.4) 




n L 


and analogous expressions for D*(/??), e = 2 , . . k. 

Further, it can be .shown that the variable u* is independent of 
the variables «* and and that ?/a*Va* has a ^^'distribution with 
n — ^ — 1 d. of fr. In the particular case when the matrix 
f ... * I 

L = I.> is a diagonal matrix, this can be proved by straight- 

forward generalization of the method used in the pfeceding paragraph. 
In fact, the expressions V^(a* — a) and Vm(/ ff —/?,) are linear 

forms in the variables 17 * = yi. — cr — ft (a:i, — if,)-ft (ic*» — Xk), 

and when L is a diagonal matrix, these forms satisfy the orthogonality 
conditions for / = 1 , . . ., A:, so that Fisher’s lemma can be applied in 
the same way as before. — In the general case, we must first replace 
the variables Xi by new variables Xi by means of an orthogonal trans- 
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formation such that the moment matrix of the new variables is a 
diagonal matrix (cf 22.6). Applying the contragredient transforma¬ 
tion (cf 11.7) to the the proof is then completed as in the parti¬ 
cular case. 

It now follows that the variables 


g — g 

^0 . U .. k 


- ft). 


and the analogous variables with fitt all have Student's distri¬ 

bution with » —ifc—1 d. of fr. With respect to the this result 
directly corresponds to (29.12.1). As before, we may now deduce 
tests of significance and confidence limits for the unknown parameters 
a and fit. 

We can also obtain a joint test for a set of hypothetical values 
of the regression coefficients fii ^.. ., fik> From the expressions (37.3.4) 
of the moments of the normally distributed variables fit, it follows 
(cf Ex. 15, p. 319) that the variable 

u~l 

has a x^'filatribution with k d. of fr. Consequently the variable 

i In (ff - iff - A) 

is distributed like a variance ratio (cf 18.3 and 36.2) with k d. of fr. 
in the numerator, and n—-k — 1 d. of fr. in the denominator. When 
a set of hypothetical values ft, . . fik are given, the quantity c** can 
be calculated from our data, and we may thus use the tables of the 
^'distribution to test the proposed values of the ft. 

Suppose, in particular, that it is required to test the hypothesis 
that all regression coefficients are zero: ft =•••== ft = 0. From (37.3.2) 
and (37.3.3) we obtain after some calculation, using (23.5.2), and (23.5.3), 

it 

2 A* ^ ^00 '*0 (12 . . . *), 

a** = ^0.12. . .* = /oo(l — ro( 12 . . .*)), 
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where ro(ia...it) is the multiple correlation coefficient between the 
sample values of y and (xi ,. . Xt). It then follows from 18.3 
and 18.4 that rods...it) has a Beta-distribution with the fr. f. 

^’2’ -2-) particular case, the above test is thus 

formally identical with the test based on the distribution (29.13.8) of 
the hypothesis that a multiple correlation coefficient differs signifi¬ 
cantly from zero. 

For the ordinate a-f — Xt) of the regression line in any 

given point (Xj, . . ., X*), we obtain in direct generalization of (37.2.2) 
the p % confidence limits 

I; 

(37.3.5) «•+ 2^* 



where tp is to be taken with n — k — 1 d. of fr. — We finally add 
three remarks which are important in many applications: 

1« Let U8 drop the utsumption that y is normally distributed, and only suppose 
that, for any fixed values of the ar^, the mean value of y is given by the linear ex¬ 
pression (37.3.1), while the s. d. is always equal to a. Under these more general 
assumptions it can be shown that the estimates (87.8.2) of the parameters a and /3f 
are the best (i.e. those having the smallest variances) among all unbiased estimates 
that are linear functions of the observed y^. The variances and covariances of these 
estimates are still given by (37.3.4), while na*V(n — — 1) gives an unbiased estimate 

of <j*. Further, the best linear unbiased estimate of the ordinate of the regression 

t 

line in any given point (X,, . . ., is «• + 2 (X,- — x,), and the standard error of 

1 

this estimate is equal to the coefficient of in (37.3.5). — This is equivalent to a 
classical theorem on least squares due to Markoff and others. For a pi oof, we refer 
e. g. to Neyman and David (Ref. 169). 

2. The variables considered in the present paragraph may be any variables, 
dependent or independent, subject to the sole condition that L 7 ^ 0 , which implies 
that the n points (Xj^, . . ., do not all lie on the same byperplane in the hdimen- 
sional space of the x,-. In particular all the Xf may be functions of a single independent 
variable x. Suppose e. g. that x^ is a polynomial p^(x) of degree i in x. The above 
problem is then a problem in parabolic regression (cf 21.0). If the p, (x) satisfy the 
orthogonality conditions, which in this case take the form indicated in 12.6, £x. 
3, the matrix L considered above reduces to a diagonal matrix, and all calculations 
are considerably simplified, as we have seen in the analogous case considered in 21.6. 
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3. When the condition Z» 0 is not setisfled, the variances and covariances 
of the become infinite or undetermined, as shown by (37.3.4). When L is very 
small without being actually e<iiial to zero, the points lie »almost>» on 

the same hyperplane. In this case, very large coefficients, or coefficients which are 
the ratio.s between very small numbers, will appear in our formulae for confidence 
intervals etc. Small errors in the data or in the calculations, small deviations from 
normality etc. will then have a great influence, and particular caution must be re¬ 
commended. This phenomenon will easily present itself when the are strongly 
connected, as is often the case e. g. in economic data. The methods to be used for 
regression analysis w'ith data of this kind have been much discussed, especially in 
connection with problems of the type considered in the next paragraph. We refer 
e. g. to the comprehensive work of Schultz (Ref. 34), and to papers by Frisch (Ref. 
113, 114) and Wold (Ref. 247, 248). 

37.4. Further regression problems. — In certain applications of 
the theory of regression, e. g. in psychology and economics, we are 
concerned with a set of random variables Xi, . . ., Xm, which may be 
represented in the form 

= 0,1 M, 4 - • H- Oin «n + V,, 

(37.4.1) . 

Xm == Oml R, + • • + Own Wa + Vm, 

where m> n, while w,, Wn, . . .» I’m are m + w uncorrelated random 
variables, and = {ool is a matrix of rank n. 

In the psychological factor analysis of human ability, the variables 
jr,, . . ., arm represent the measurements of m given different abilities 
of a person, while , . ., Un are more or less »gwieral» factors of 
intelligence, and t;,, . . ., Vm are »specific» factors, each associated with 
a particular ability. In these cases, the main problems are usually 
concerned with the possibility of representing a given set of variables 
Xi in the form (37.4.1). and with the existence and number of the 
»genera]» factors uj. 

In some economic problems, on the other hand, there are theore¬ 
tical reasons to expect the variables concerned to satisfy certain linear 
(or approximately linear) relations. Often, however, these variables 
cannot be directly observed, owing to the appearance of »errors* or 
»disturbances*. Instead of the * systematic parts* of the above vari¬ 
ables Xil 

Xi = at I Ui H-+ OinUn, 

between which there exist m — n linear relations, we can then only 
observe the variables xt themselves as given by (37.4.1) where, now, 
the Vi represent the »disturbances*. Here, the main problems are con- 
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nected with the estimation of the coefficients in the linear relations 
between the systematic parts of the X/. 

Problems of this kind are too intimately connected with particular 
fields of application to be fully discussed here. The psychological 
applications belonging to this order of ideas were first treated by 
Spearman. We refer in this connection e. g. to the surveys of the 
theory given by Spearman (Ref. 35 a) and by Thomson (Ref. 37 a). — 
The economic problems indicated above have given rise to the intro¬ 
duction of the confluence analysis of Frisch (Ref. 114), which has been 
further developed and brought into contact with sampling and estima¬ 
tion theory by Koopmans (Ref. 142), Reiersol (Ref. 207) and others. 

We shall here only deduce a simple property of the moment matrix 
yi of a set of variables Xi, . . ., that may be represented in the 
form (37.4.1). Without restricting the generality, we may suppose 
that all variables x/, Uj and Vi are measured from their means, and 
that E(w})==l for ally. We further write E(t^*) = aJ, and denote by 
£ the diagonal matrix formed with Oj, . . ., Om as its diagonal elements. 
We then have by 22.6 

A-=AA' -f r* 

If all the Oi are positive, the moment matrix A is of rank m, so that 
the distribution of the variables X], . . ., Xm is non-singular (cf 22.5). 
On the other hand, the matrix A A* is*) only of rank n. It follows 
that any minor of order ^ n -f 1 of the moment matrix A, which does 
not contain any element of the main diagonal^), is equal to zero. It is 
immediately seen that the same property holds for the correlation matrix 
P= {pij} of the variables x,, , . ., x*. — This theorem is due to Thur- 
stone. 

Consider e. g. the particular case « = 1. (In the psychological 
applications, this is the case when there is only one »general» factor.) 
The correlation coefficients q corresponding to any four different sub¬ 
scripts hy iy jy k thcu satlsfy the tetrad relation 

Qhj Qhk 

= Qhj Qik — Qhk Qij = u. 

_ Qij Qi k 

') By 11.6, the rank is at most n, and it is easily seen that there is at least one 
noD*7.ero minor of order n. 

*) It will be noted that minors satisfying these conditions only exist when 
2 n + 2 ^ m. 
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TABLE 1. 

The Normal Distribution (cf Ch. 17 ). 

r -- — 


(x) = (—1)* 9>(*), where Hi,{x) is the Hermite polynomial of degree v (cf 

12.6). For negative values of x, the functions are calculated from the relations 
♦ (•—x) =1 — 0 (x), y (—x) — 9 (x), (— x) = (—1)» <p(*) (x). 


X 

^( X ) 

<pix) 

<p' (x) 


( X ) 


v“’ (®) 


O.o 

0.50000 

0.89894 

—O.ooooo 

— 0.89894 

+ O.ooooo 

+ 1.19688 

—O.ooooo 

— 6.98418 

0.1 

0.58988 

0.89695 

0.08970 

0.89298 

0.11869 

1.16708 

0.69146 

6.77625 

0.2 

0.57926 

0.89104 

0.07821 

0.87540 

0.28160 

1 . 0709 ^ 

1.14197 

6.17112 

0.8 

0.61791 

0.88189 

0.11442 

0.84706 

0.88295 

0.94180 

1.61420 

4.22226 

0.4 

0.65542 

0.86827 

0.14781 

0.80985 

0.41885 

0.76070 

1.97770 

3.01241 

0.5 

0.69146 

0.85207 

0.17608 

0.26406 

0.48409 

0.55010 

2.21141 

1.64481 

0.6 

0.72575 

0.88822 

0.19998 

0.21826 

0.52788 

0.82809 

2.80517 

— 0.28287 

0.7 

0.75804 

0.81226 

0.21868 

0.15925 

0.54868 

+ 0.09871 

2.26012 

+ 1.11854 

0.8 

0.78814 

0.28969 

0.28176 

0.10429 

0.54694 

— 0.12468 

2.08800 

2.29882 

0.9 

0.81594 

0.26609 

0.28948 

— 0.05066 

0.52445 

0.82084 

1.80951 

3.28026 

1.0 

0.84184 

0.24197 

0.24197 

O.ooooo 

0.48894 

0 48894 

1.45182 

3.87158 . 

1.1 

0.86488 

0.21785 

0.28964 

+ 0.04676 

0.42885 

0.60909 

1.04580 

4.19585 

1.2 

0.88498 

0.19419 

0.28802 

0.08544 

0.86852 

0.69255 

0.62801 

4.21084 

1.8 

0.90820 

0.17187 

0.22278 

0.11824 

0.29184 

0.78418 

— 0.21800 

3.94758 

1.4 

0.91924 

0.14978 

0.20962 

0.14874 

0.21800 

0.78642 

+ 0.15897 

3.45958 

1.6 

0.98819 

0.12962 

0.19428 

0.16190 

0.14571 

0.70425 

0.47855 

2.81094 

1.6 

0.94520 

0.11092 

0.17747 

0 . 178 O 4 

0.07809 

0.64405 

0.71818 

2.07125 

1.7 

0.95548 

0.09405 

0.15988 

0.17775 

-f 0.01759 

0.56816 

0.88702 

1.80785 

1.8 

0.96407 

0.07896 

0.14211 

0.17685 

- 0.08411 

0.46915 

0.98090 

+ 0.58014 

1.9 

0.97128 

0.06562 

0.12467 

0.17126 

0.07606 

0.86928 

1.00688 

— 0.06467 

2.0 

0.97725 

0.05899 

0.10798 

0.16197 

0.10798 

0.26996 

0.97184 

0 . 50 S 90 

2.1 

0.98214 

0.04898 

0.09287 

0.14998 

0.18024 

0.17646 

0.89150 

0.98987 

2.2 

0.98610 

0.08647 

0.07804 

0.18622 

0 . 1486 O 

0.09274 

0.77844 

1 24885 

2.8 

0.98928 

0.02888 

0.06515 

0.12162 

0.14920 

— 0.02141 

0.64604 

1.87888 

2.4 

0.99180 

0.02289 

0.05875 

0.10660 

0.14884 

+ 0 . 0362.3 

0.50642 

1.89654 

2 .n 

0.99879 

0.01768 

0.04882 

0.09202 

0.14242 

0.07997 

0.36974 

1.82421 

2.6 

0.99584 

0.01858 

0 . 0 S .582 

0.07824 

0.18279 

0.11053 

0.24876 

1.18646 

2.7 

0.99658 

0.01042 

0.02814 

0.06555 

0.12071 

0.12926 

0.13881 

1.00761 

2.8 

0.99744 

0.00792 

0.02216 

0.05414 

0 . 1 O 727 

0.18798 

- i - 0.04287 

0.80970 

2.9 

0.99818 

0.00595 

0.01726 

0.04411 

0.09889 

0.18850 

— 0.02810 

O .61102 

3.0 

0.99865 

0.00448 

0.01880 

0.08545 

0.07977 

0.18296 

0.07977 

0.42546 

3.1 

0.99908 

0.00827 

0 . 0101.8 

0.02813 

0 . O 6694 

0.12818 

0.11895 

0.26242 

3.2 

0.99931 

0.00288 

0.00768 

0.02208 

0.05528 

0.11066 

0.18819 

0.12712 

3.8 

0.99952 

0.00172 

0.00568 

0.01704 

0.04486 

0.09690 

0 . 14086 

— 0.02180 

3.4 

0.99966 

0.00128 

0.00419 

0.01801 

0.08586 

0.08290 

0.18840 

+ 0.06607 

3.5 

0.99977 

0.00087 

0.00806 

0.00982 

0.02825 

0.06948 

0.18000 

0.10784 

8.6 

0.99984 

0.00061 

0.00220 

0.00782 

0.02194 

0.05708 

0.11765 

0.18802 

3.7 

0.99989 

0.00042 

0.00167 

0.00589 

0.01680 

0.04599 

0.10297 

0.15102 

3.8 

0.99998 

0.00029 

O.OOlll 

0.00892 

0.01269 

0.08646 

0.08777 

0.15124 

3.9 

0.99995 

0.00020 

0.00077 

0 . 0028 ? 

0.00946 

0.02842 

0 . O 78 O 2 

0.14264 

4.0 

0.99997 

0.00018 

— 0.00064 

+ 0.00201 

— 0.00696 

+ 0.02181 

— 0.05942 

+ 0.12861 
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TABLE 2. 

The Normal Distribution (cf 17.2). 

The protebilitj that an obMFTed ralne of a normal!j diatribnted variable { differs 
from the mean m in either direction by more than X times the standard deviation o is 

P=i>(|f-m|>A«F)-2[l-#(A)]- j e dt. 

i 

The value X ^ Xp corresponding to P ^ is called the p percent value of a normal 

deviate. 


Xp as a function of p 

p as a function of Xp 

p-lOOP 


Xp 

p = 100P 

100 

O.oooo 

O.o 

lOO.ooo 

06 

0.M27 

0.2 

84.148 

00 

0.1867 

0.4 

68.916 

86 

O.lMl 

0.6 

64.861 

80 

0.8688 

0.8 

42.871 

76 

0.8186 

1.0 

31.781 

70 

0.8868 

1.2 

23.014 

66 

0.4688 

1.4 

16.161 

60 

0.6844 

1.6 

10.960 

66 

0.6978 

1.8 

7.186 

60 

0.6746 

2.0 

4.660 

46 

0.7664 

2.2 

2.781 

40 

0.8416 

2.4 

1.640 

36 

0.9646 

2.6 

0.982 

30 

1.0864 

2.8 

0.611 

36 

1.1606 

8.0 

0.270 

30 

1.8816 

3.2 

0.187 

16 

1.4896 

8.4 

0.067 

10 

1.6449 

3.6 

0.082 

6 

1.9600 

3.8 

0.014 

1 

3.6768 

4.0 

0.006 

0.1 

3.8906 



O.Ol 

3.8906 
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TABLE 3. 

t 

The ;i;*-Di8tribotion (cf 18.1). 

The fr. f. kn(x) of the x’-distribation with n degrees of freedom is defined by (18.1.8). 
The p percent TBloe of y* for n d. of fr. is a value such that the probability that 
an observed value of x* exceeds xj, 

00 


By the kind permission of Prof. R. A. Fisher and Messrs Oliver and Boyd, the table 
is reprinted from R. A. Fisher, Ref. 18. 


Degrees 

of 





Xp 

a function of 

n and 

P «1 

OOP 

freedom 

n 

p *99 

98 

96 

00 

80 

70 

50 

80 

20 

10 1 6 2 1 0.1 
—^— 

1 

O.ooo 

O.ool 

O.OOi 

0.016 

0.064 

0.148 

0.466 

1.074 

1.642 

2.706 3.841 5.412 6.685 10.827 

2 

0.020 

0.040 

0.108 

0.211 

0.446 

0.718 

1.886 

2.406 

3.219 

4.606 6.991 7.824 9.210 13.818 

3 

0.115 

0.186 

0.862 

0.584 

1.006 

1.424 

2.866 

3.666 

4.642 

6.251 7.815 9.887 11.841 16.268 

4 

0.297 

0.429 

0.711 

1.064 

1.649 

2.195 

3.867 

4.878 

5.989 

7.779 9.488 11.668 1 8.277 1 8.466 

6 

0.564 

0.762 

1.146 

1.610 

2.848 

3.000 

4.861 

6.064 

7.289 

9.286 11.070 13.888 15.086 20.617 

6 

0.872 

1.184 

1.686 

2.204 

8.070 

3.828 

6.848 

7.281 

8.668 

10.645 12.692 15.088 16.812 22.467 

7 

1.289 

1.564 

2.167 

2.888 

3.822 

4.671 

6.846 

8.888 

9.808 

12.017 14.067 1 6.682 18.476 24.822 

8 

1.646 

2.082 

2.788 

3.490 

4.694 

6.627 

7.844 

9.624 

11.080 

18.862 15.607 18.168 20.090 26.126 

9 

2.088 

2.682 

3.826 

4.168 

6.880 

6.898 

8.848 

10.656 

12.242 

14.684 16.919 19.679 21.666 27.877 

10 

2.668 

8.069 

3.940 

4.866 

6.179 

7.267 

9.842 

11.781 

13.442 

15 . 9^7 18.807 21.161 23.209 29.688 

11 

3.068 

3.609 

4.676 

6.678 

6.989 

8.148 

10.841 

12.899 

14.681 

17.276 19.675 22.618 24.726 31.264 

12 

8.671 

4.178 

* 6.226 

6.804 

7.807 

9.084 

11.840 

14.011 

15.812 

18.649 21.026 24.064 26.217 32.909 

18 

4.107 

4.766 

6.892 

7.042 

8.684 

9.926 

12.840 

15.119 

16.085 

19.812 22.862 25.472 27.688 34.628 

14 

4.660 

6.868 

6.671 

7.790 

9.467 

10.821 

13.889 

16.222 

18.151 

21.064 28.686 26.878 29.141 36.188 

16 

6.229 

6.986 

7.261 

8.547 

10.807 

11.721 

14.889 

17.822 

19.811 

22.807 24.996 28.269 30.678 87.697 

16 

6.812 

6.614 

7.962 

9.812 

11.162 

12.624 

16.888 

18.418 

20.466 

23.642 26.296 29.688 82.000 39.262 

17 

6.408 

7.266 

8.672 

10.085 

12.002 

13.681 

16.888 

19.611 

21.616 

24.769 27.687 30.995 33.409 40.790 

18 

7.016 

7.906 

9.890 

10.866 

12.867 

14.440 

17.888 

20.601 

22.760 

25.989 28.869 32.846 34 . 8 M 42.812 

19 

7.688 

8.667 

10.117 

11.661 

18.716 

16.862 

18.888 

21.689 

28.000 

27.204 80.144 33.687 36.191 48.820 

20 

8.260 

9.287 

10.861 

12.448 

14.678 

16.266 

19.887 

22.776 

25.088 

28.412 81.410 35.020 87.566 45.816 

21 

8.897 

9.916 

11.691 

18.240 

16.446 

17.182 

20.887 

23.868 

26.171 

29.616 32.671 36.848 38.082 46.707 

22 

9.642 

10.600 

12.888 

14.041 

16.814 

18.101 

21.887 

24.989 

27.801 

30.818 38.024 37.659 40.289 48.268 

28 

10.196 

11.298 

13.091 

14.848 

17.187 

19.021 

22.887 

26.018 

28.420 

32.007 85.172 38.968 41.688 49.728 

24 

10.866 

11.992 

13.848 

16.669 

18.062 

19.948 

23.887 

27.006 

29.668 

33.196 36.416 40.270 42.980 61.179 

26 

11.624 

12.697 

14.611 

16.478 

18.940 

20.867 

24.887 

28.172 

30.676 

34.882 37.662 41.666 44.814 52.620 

26 

12.198 

18.409 

15.879 

17.292 

19.820 

21.792 

26.886 

29.246 

31.795 

35.668 38.886 42.866 45.642 54.062 

27 

12.879 

14.126 

16.161 

18.114 

20.708 

22.719 

26.886 

80.819 

32.012 

36 . 741140.118 4 4.140 4 6.968 55.476 


13.666 

14.847 

16.928 

18.989 

21.688 

23.647 

27.886 

81.891 

34.027 

37.916 141.387 45.419 46.278 56.898 

1 ll 

14.266 

16.574 

17.708 

19.768 

22.476 

24.677 

28.886 

82.461 

35.189 

39.087 142.667 46.698 49.688 58.802 

1 80 

14.968 

16.806 

18.498 

20.699 

23.864 

26.608 

29.886 

33.680 

36.250 

40.266 48.778 47.962 50.892 59.708 
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tabIe 4. 

The (-Distribution (cf 18.2). 

The fr. f. tnC^) of the tdistribution with n degrees of freedom is defined by (18.2.4), 
The p percent value tp of t for n d. of fr. is n value such that the probability P 
that an observed .value of t differs from zero in either direction by more than tp is 


i'-j;5o“P(|«l>W-2/ »n(x)dx. 

By the kind permission of Prof. R. A. Fisher and Messrs Oliver and Boyd, the table 
is reprinted from R. A. Fisher, Ref. 18. 


Degrees 

of 




fp as a 

function of n and p « 

100 P 




freedom 

n 

p«90 

80 

70 

60 

60 

40 

80 

20 

10 

5 

2 

1 

0.1 

1 

0.168 

0.825 

'0.610 

0.727 

1.000 

1.876 

1.968 

8.078 

6.814 

12.706 

31.821 

63.667 

636.619 

2 

0.142 

0.289 

0.446 

0.617 

0.816 

1.061 

1.886 

1.886 

2.920 

4.806 

6.966 

9.026 

81.696 

8 

0.187 

0.277 

0.424 

0.684 

0.766 

0.978 

1.260 

1.688 

2^868 

8.182 

4.641 

5.841 

12.941 

4 

0.184 

0.271 

0.414 

0.669 

0.741 

0.941 

1.190 

1.688 

1^.189 

2.776 

8.747 

4.604 

8.610 

6 

0.182 

0.267 

0.466 

0.669 

0.727 

0.920 

1.166 

1.476 

^.016 

2.671 

3.866 

4.082 

6.869 

6 

0.181 

0.266 

0.404 

0.668 

0.718 

O.906 

1.164 

lAioj 

1.948 

2.447 

3.148 

3.707 

5.960 

7 

0.18Q 

0.268 

0.402 

0.549 

0.711 

0.896 

1.119 

Uid 

1.806 

2.865 

2.998 

3.499 

5.406 

8 

0.180 

0.262 

0:899 

0.646 

0.709 

0.889 

1.108 

1.80t 

1.660 

2.806 

2.896 

3.866 

5.041 

9 

0.12« 

0.261 

0.898 

0.648 

0.708 

0.888 

1.100 

1.8n 

1.888 

2.262 

2.821 

3.260 

4.781 

10 

0.129 

0.260 

0.897 

0.642 

0.700 

0.879 

1.098 

1.872 

1.812 

2.228 

2.764 

3.169 

4.687 

11 

0.129 

0.260 

0,896 

0.640 

0.697 

0.876 

1.088 

1.868 

1.796 

2.201 

2.718 

8.106 

4.487 

12 

0.128 

0.269 

0.896 

0.689 

0.696 

0.878 

1.088 

1.866 

1.782 

2.179 

2.681 

3.066 

4.818 

18 

0.128 

0.269 

0.894 

0.688 

0.694 

0.870 

1.079 

1.860 

1.771 

2.160 

2.660 

3.012 

4.221 

14 

0.128 

0.268 

0.898 

0.687 

0.692 

0.868 

1.076 

1.846 

1.761 

2.146 

2.684 

2.977 

4.140 

16 

0.128 

0.268 

0.898 

0.686 

0.691 

0.866 

1.074 

1.841 

1.768 

2.181 

2.601 

2.947 

4.078 

16 

0.128 

0.268 

0.892 

0.685 

0.690 

0.866 

1.071 

1.887 

1.746 

2.120 

2.888 

2.921 

4.016 

17 

0.128 

0.267 

0.892 

0.684 

0.689 

0.868 

1.069 

1.888 

1.740 

2.110 

2.M7 

2.898 

3.085 

18 

0.127 

0.267 

0.892 

0.684 

0.688 

0.862 

1.067 

1.880 

1.784 

2.101 

2.»2 

2.878 

3.992 

10 

0.127 

0.267 

0.891 

0.688 

0.688 

0.861 1 

1.066 

1.828 

1.729 

2.098 

2.6N 

2.861 

3.888 

20 

0.127 

0.257 

0.891 

0.588 

0.687 

0.860 j 

1.064 

1.826 

1.726 

2.086 

2.688 

2.846 

3.880 


0.127 

0.267 

0.891 

0.682 

0.686 

0.869 

1.068 

1.828 

1.721 

2.060 

2.618 

2.861 

3.819 


0.127 

0.256 

0.890 

0.682 

0.686 

0.858 

1.061 1 

1.821 

1.717 

2.074 

2.608 

2.819 

3.792 


0.127 

0.266 

0.890 

0.688 

0.686 

0.868 

1.060 

1.819 

1.714 

2.069 i 

2.600 

2.807 j 

3.787 


0.127 

0.266 

0.890 

0.681 

0.686 1 

0.867 

1.069 

1.818 

1.711 

2.064 

2.401 

2.797 

3.746 


0.127 

0.256 

0.890 

0.681 1 

0.684 

0.866 

1.058 

1.816 

1.708 

2.060 

2.486 

2.787 

3.726 


0.127 

0.266 

0.860 

0.681 

0.684 

0.866 

1.068 

1.816 

1.706 

2.066 

2.479 

2.779 

3.707 

27 

0.127 

0.266 

0.889 

0.681 

0.684 

0.866 

1.067 

1.814 

1.708 

2.068 

2.478 

2.771 

3.890 

28 

0.127 

0.266 

0.889 

0.690 

0.688 

0.866 

1.056 

1.818 

1.701 

2.048 

2.487 

2.788 

3.674 

Ha 

0.127 

0.266 

0.889 

0.680 

0.688 

0.864 

1.066 

1.811 

1.699 

2.046 

2.482 

2.768 

3.669 

Kl 

0.127 

0.266 

0.889 

OA80 

0.688 

0.864 

1.066 

1.810 

1.697 

2.042 

2.467 

2.760 

3.646 

40 

0.126 

0.266 

0.888 

0.689 

0.681 

0.861 

1.060 

1.908 

1.684 

2.021 

2.428 

2.704 

3.661 

60 

0.126 

0.264 

0.887 

0.627 

0.679 

0.848 

1.046 

1.296 

1.671 

2.000 

2.800 

2.680 

3.460 

120 

0.126 

0.264 

0.886 

0.626 

0.677 

0.846 

1.041 

1.289 

1.668 

1.980 

2.868 

2.817 

3.878 

00 

0.196 

0.268 

0.886 

0.684 

0.674 

0.842 

1.686 

1.282 

1.646 

1.960 

fJM 

2A76 

3.991 
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